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The primary mediators of transcriptional regulation are the cis-regulatory 
elements (CREs), viz., promoters and enhancers, and the trans-acting factors 
(TFs) that bind to the CREs. First, the landscape of distinct sequence elements 
that regulate the spatio-temporal activity profiles of genes is far from complete. 
For example, several (or alternate) CREs can in a context-specific fashion 
regulate transcription of one gene. Second, mutations that occur in the coding 
sequences of TFs, or those occurring in CREs that determine TF binding sites, 
may change the identity of the cognate TF or alter the affinity with which a site is 
bound, respectively. This in turn introduces a change in the logic of the 
transcriptional regulatory circuits harboring these modifications and leads to 
adaptations in the form of novel gene expression patterns, or robust responses to 
internal or external signals. CREs and trans-acting factors thus provide an 
extensive platform for regulatory innovation; the extent of which is only beginning 
 
 
to be appreciated. In this thesis, we discuss three yet-unexplored avenues of 
regulatory innovation and provide novel insights into each program. 
Cis-regulatory rewiring mediated by CREs: A co-regulated module of genes 
(“regulon”) can have evolutionarily conserved expression and yet have diverged 
upstream regulators across species, such as the ribosomal regulon which is 
regulated by the transcription factor (TF) TBF1 in C. albicans, instead of RAP1 in 
S. cerevisiae. Only a handful of such rewiring events have been established, and 
the prevalence or conditions conducive to such events are not well known. Here, 
we develop a novel probabilistic scoring method to comprehensively screen for 
rewiring within regulons across 23 yeast species. Our analysis recapitulates 
known events, and suggests TF candidates for certain processes reported to be 
under distinct regulatory controls in S. cerevisiae and C. albicans, for which the 
implied regulators are not known. Independent functional analyses of rewiring TF 
pairs revealed greater functional interactions, common upstream regulators and 
shared biological processes between them. Our study reveals that cis-rewiring is 
pervasive; and generated a high-confidence resource of specific events. 
Interaction-mediated regulatory rewiring in TFs: Similar to evolutionary changes 
in the sequence of CREs, changes within coding regions of TFs can allow for 
altered protein-protein interaction capabilities and function, through motif and 
domain turnover across evolution. For example, FTZ, has switched from a 
homeotic TF in ancestral insect species, to being involved in segmentation in the 
Drosophila genus by the loss of a YPWM motif, and the gain of a LXXLL motif. 
Elucidating the occurrence of, and mechanisms underlying these switches in TF 
 
 
function is critical to our understanding of evolution. To this end, we developed 
an approach to detect protein interaction regulatory rewiring across 1200 TFs in 
12 related arthropod species. Simulation studies show that the accuracy of event 
detection is approximately ~80-85%. We recapitulate the known FTZ rewiring 
event; and find several members of “enhancer of split” complex represented 
amongst top events, consistent with previous knowledge that the latter has 
undergone lineage specific losses and duplications across arthropod evolution. 
Overall, this work establishes that interaction-rewiring is quite prevalent in 
arthropod development, and provides a high-confidence list of such candidates. 
Orphan CGI alternative promoter potential: CGIs are regions with a relatively 
high frequency of CpG sites. CGIs that occur within gene promoters are 
historically well studied. Yet, about 50% of all CGIs lie outside of promoter 
regions (called orphan CGIs), and not much is understood about their biological 
significance. We show through extensive analysis of the methylome and 
transcriptome in 34 tissues, that in many cases of highly expressed genes with 
methylated-promoters, transcription is initiated by a distal orphan CGI located 
several tens of kb away that functions as an alternative promoter. We found 
strong evidence of transcription initiation at the upstream CGI and a lack thereof 
at the methylated proximal promoter itself. CGI-initiated transcripts are 
associated with signals of stable elongation and splicing that extend into the 
gene body, as evidenced by tissue-specific RNA-seq and other DNA-encoded 
splice signals. Overall, our study describes an unreported mechanism of 
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CHAPTER 1: Introduction 
 
Regulation of Genome Activity 
The central dogma of molecular biology suggests that it is the “realization” of the 
genome that specifies the content of the proteome, which in turn determines the 
biochemical signature of a cell. Therefore, early on, efforts were made to obtain 
quantitative measures of “genetic distances”, as these were considered to hold 
clues to the vast diversity observed at the organismal level – that is, at the level 
of anatomy, physiology, and behavior. Although, in the 1970s, King and Wilson 
(King and Wilson 1975) strongly suggested that even the genetic distance 
between humans and the chimpanzee was too small to account for their 
substantial organismal differences. In order to explain how species that have 
such similar genes (and proteins) can differ so substantially, one must look for 
differences at the regulatory level, i.e., mechanisms that control the spatio-
temporal expression of genes rather than the sequence changes within genes 
themselves. The importance of the role of regulation in the genome becomes 
even more apparent when differences within an individual organism are 
considered (Marbach et al. 2016). Given that all cells in an individual share 
identical DNA (not withstanding somatic mutations, and some immune cell 
subtypes), and it is the same genetic information that is translated into 
morphologically and phenotypically distinct cells that comprise that individual, it 
becomes clear that the same genome can be “realized” in distinct ways. Thus, 




There are many factors that influence genome expression at various stages of 
the process, including transcription, mRNA processing as well as protein 
synthesis and processing (Brown 2002). The following table lists many of the 
individual steps involved in genome expression and the types of regulatory 
controls exerted at each stage of the process. 
 
 
Table 1-1. Examples of steps in the genome expression pathway at which regulation can be 





It is no surprise that we can nominate examples of regulation for every point in 
the genome expression pathway. But are all these control points of equal 
importance in regulating the activity of the genome as a whole? Our current 
perception is that they are not. Our understanding may be imperfect, but it 
appears that the critical controls over genome expression - the decisions about 
which genes are switched on and which are switched off - are exerted, to a large 
extent, at the level of transcription (Jacob and Monod 1961). For most genes, 
control that is exerted at later steps, i.e. in mRNA processing, translation, and 
post-translational modifications (PTM), mainly serves to modulate expression 
and protein levels, but does not act as the primary determinant of whether the 
gene is on or off.  
Transcriptional Regulation and its Complexities 
As in bacteria, transcription initiation and expression in eukaryotic cells is 
controlled by proteins that bind to specific regulatory sequences and modulate 
the activity of RNA polymerase. The intricate task of regulating gene expression 
in the many differentiated cell types of multicellular organisms is accomplished 
primarily by the combined actions of multiple different transcriptional regulatory 
proteins. In addition, several epigenomic signatures characterized by the 
packaging of DNA into distinct chromatin functional domains, and its modification 
by methylation, histone modifications and nucleosome remodeling impart further 
levels of complexity to the control of eukaryotic transcription initiation and 




significance in transcriptional regulation is described at length below. 
cis-Acting Regulatory Sequences: Promoters and Enhancers 
A promoter is a genomic region of a particular gene where the transcription is 
initiated. It is located upstream (at the 5' end) of the gene, and also provides a 
control point for regulated gene transcription. Promoters represent critical 
elements that can work in concert with other regulatory regions (enhancers, 
silencers, boundary elements/insulators) to direct the level of transcription of a 
given gene (Maston et al. 2006). The promoter contains specific DNA sequences 
that are recognized and bound by proteins known as transcription factors, 
recruiting RNA polymerase, the enzyme that synthesizes RNA from the DNA 
template of the gene. It is generally comprised of the two following elements, (i) 
the core promoter, and (ii) the proximal promoter. 
Genes transcribed by RNA polymerase II most commonly have either one of two, 
mostly mutually exclusive core promoter elements, the TATA box or the Inr 
sequence, that serve as specific binding sites for general transcription factors 
(Smale and Kadonaga 2003; Smale and Baltimore 1989). The core promoter 
is the minimal portion of the promoter required to properly initiate transcription. 
Other cis-acting sequences within the proximal promoter serve as binding sites 
for a wide variety of regulatory factors that control the expression of individual 
genes (Lynch 2006). These cis-acting regulatory sequences are frequently, 
though not always, located upstream of the core promoter. For example, two 
regulatory sequences that are found in many eukaryotic genes were identified by 




kinase. Both of these sequences are located within 100 base pairs upstream of 
the TATA box: Their consensus sequences are CCAAT and GGGCGG (called a 
GC box) (Jonkers and Lis 2015). Specific proteins that bind to these sequences 
and stimulate transcription have since been identified. 
In contrast to the relatively simple organization of CCAAT and GC boxes in the 
herpes thymidine kinase promoter, many genes in mammalian cells are 
controlled by regulatory sequences located farther away (sometimes more than 
10 kilobases) from the transcription start site. These sequences, called 
enhancers, were first identified by Walter Schaffner in 1981 during studies of the 
promoter of another virus, SV40 (Banerji et al. 1981). In addition to a TATA box 
and a set of six GC boxes, two 72-base-pair repeats located farther upstream are 
required for efficient transcription from this promoter. These sequences were 
found to stimulate transcription from other promoters as well as from that of 
SV40, and, surprisingly, their activity depended on (i) neither their distance, (ii) 
nor their orientation with respect to the transcription initiation site. They could 
stimulate transcription when placed either upstream or downstream of the 
promoter, in either a forward or backward orientation (Müeller-Storm et al. 1989). 
Surprisingly, enhancers, like promoters, are also bound by transcription factors 
(TFs) that then regulate RNA polymerase. This is possible because of DNA 
looping, which allows a TF bound to a distant enhancer to interact with RNA 
polymerase or general transcription factors at the promoter. Thus, TFs bound to 
distant enhancers work by the same mechanisms as those bound adjacent to 




enhancers is that they usually contain multiple functional sequence elements that 
bind different transcriptional regulatory proteins. These elements include 
some cis-acting regulatory sequences that bind transcriptional activators, that 
activate transcription in particular cell types (Schirm et al. 1987), as well as other 
regulatory sequences that bind repressors that inhibit transcription in 
inappropriate cell types. Tissue-specific expression patterns result from the 
combination of the individual sequence elements that make up the complete 
enhancer (Bulger and Groudine 2010).  
trans-Acting Regulatory Factors: Transcription Factors (TFs) 
One of the prototypes of eukaryotic transcription factors was initially identified by 
Robert Tjian and his colleagues during studies of the transcription of SV40 DNA. 
This factor (called Sp1, for specificity protein 1) was found to stimulate 
transcription from the SV40 promoter, but not from several other promoters, in 
cell-free extracts. Then, stimulation of transcription by Sp1 was found to depend 
on the presence of the GC boxes in the SV40 promoter: if these sequences were 
deleted, stimulation by Sp1 was abolished (Kadonaga et al. 1986). Taken 
together, these results indicate that the GC box represents a specific binding site 
for a specific transcriptional factor - Sp1. Similar experiments have established 
that many other transcriptional regulatory sequences, including the CCAAT 
sequence (Jones et al. 1987), also present recognition sites for sequence-
specific DNA-binding proteins. 
Because transcription factors are central to the regulation of gene expression, 




major area of ongoing research in cell and molecular biology. The most 
thoroughly studied of these proteins are transcriptional activators, which, like Sp1 
(Kadonaga et al. 1987), bind to regulatory DNA sequences and stimulate 
transcription. In general, these factors have been found to consist of two 
domains: one region of the protein specifically binds DNA; the other activates 
transcription by interacting with other proteins or components of the 
transcriptional machinery. Molecular characterization has revealed that the DNA-
binding domains of many of these proteins are related to one another (Latchman 
1997). Zinc finger domains contain repeats of cysteine and histidine residues that 
bind zinc ions and fold into looped structures (“fingers”) that bind DNA. Other 
families of DNA-binding proteins include leucine zipper, helix-turn-helix, helix-
loop-helix proteins, etc. (Frankel and Kim 1991). The activation domains of 
transcription factors are not as well characterized as their DNA-binding domains. 
Some, called acidic activation domains, are rich in negatively charged residues 
(aspartate and glutamate); others are rich in proline or glutamine residues. These 
activation domains are thought to stimulate transcription by interacting with 
general transcription factors (Ptashne and Gann 1997), such as TFIIB or TFIID, 
thereby facilitating the assembly of a transcription complex on the promoter. 
Gene expression in eukaryotic cells is regulated by repressors as well as by 
activators. Like their prokaryotic counterparts, eukaryotic repressors bind to 
specific DNA sequences and inhibit transcription. In some cases, eukaryotic 
repressors simply interfere with the binding of other transcription factors to DNA. 




the interaction of RNA polymerase or general transcription factors with the 
promoter, which is similar to the action of repressors in bacteria (Gaston and 
Jayaraman 2003). Other repressors compete with activators for binding to 
specific regulatory sequences. Some such repressors contain the same DNA-
binding domain as the activator but lack its activation domain. As a result, their 
binding to a promoter or enhancer blocks the binding of the activator, thereby 
inhibiting transcription. In contrast to repressors that simply interfere with 
activator binding, many repressors (called active repressors) contain specific 
functional domains that inhibit transcription via protein-protein interactions 
(Hanna-Rose and Hansen 1996). The functional targets of repressors are also 
diverse. Some repressors inhibit transcription by interacting with general 
transcription factors, such as TFIID; others are thought to interact with specific 
activator proteins, irrespective of its site of binding to DNA (Ptashne 2014). 
Chromatin Structure & DNA Accessibility 
The DNA of all eukaryotic cells is tightly packaged into chromatin. The basic 
structural unit of chromatin is the nucleosome, which consists of 146 base pairs 
of DNA wrapped around two molecules each of histones H2A, H2B, H3, and H4, 
with one molecule of histone H1 bound to the DNA as it enters the nucleosome 
core particle. The chromatin is then further condensed by being coiled into 
higher-order structures, called 30 nm chromatin fibers (Bartova et al. 2008) 
organized into large loops of DNA. 
Chromatin structure is hierarchic, ranging from the two lowest levels of DNA 




chromosomes, which represent the most compact form of chromatin in 
eukaryotes and occur only during nuclear division (Woodcock and Ghosh 2010). 
After division, the chromosomes become less compact and cannot be 
distinguished as individual structures. When non-dividing nuclei are examined by 
light microscopy all that can be seen is a mixture of lightly and darkly staining 
areas within the nucleus. The dark areas, which are concentrated around the 
periphery of the nucleus, are called heterochromatin and contain DNA that in a 
relatively compact organization (Hendzel et al. 1997), although still less compact 
than in the metaphase structure. Two types of heterochromatin are recognized: 
• Constitutive heterochromatin is a permanent feature of all cells and 
represents DNA that contains no genes and so can always be retained in 
a compact organization. This fraction includes centromeric and telomeric 
DNA as well as certain regions of some other chromosomes (Haaf and 
Schmid 1991). For example, most of the human Y chromosome is made 
of constitutive heterochromatin. 
• Facultative heterochromatin is not a permanent feature but is seen in 
some cells some of the time. Facultative heterochromatin is thought to 
contain genes that are inactive in some cells or at some periods of the cell 
cycle (Trojer and Reinberg 2007). When these genes are inactive, their 
DNA regions are compacted into heterochromatin. 
The organization of heterochromatin is so compact that proteins involved in gene 
expression simply cannot access the DNA. In contrast, the remaining regions of 




permit entry of the expression proteins (Moazed 2001). These regions are called 
euchromatin and they are dispersed throughout the nucleus. 
This form of packaging of eukaryotic DNA in chromatin has diverse functions well 
beyond mere compaction, including having important consequences in terms of 
its availability as a template for transcription which makes chromatin structure a 
critical aspect of gene expression in eukaryotic cells. First, open and easily 
accessible regions of DNA within the chromatin are indicative of local territories 
of transcriptional activity (Dekker et al. 2013). Actively transcribed genes are 
found in decondensed chromatin that is more accessible to transcription factors 
than is the rest of the genome. Second, coordinated activity of distal elements is 
orchestrated by short- and long-range DNA interactions, which is determined by 
the 3D chromatin structure. For instance, chromatin conformation/looping 
mediates a promoter’s access to its enhancers, thereby determining the 
transcriptional fate of a gene (Harmston and Lenhard 2013). 
Histone Modifications and Nucleosome Remodeling 
Decondensation of chromatin, however, is not sufficient to make the DNA an 
accessible template for transcription. Even in decondensed chromatin, actively 
transcribed genes remain bound to histones and packaged in nucleosomes, so 
transcription factors and RNA polymerase are still faced with the problem of 
interacting with chromatin rather than with naked DNA (Mirny 2010). The tight 
winding of DNA around the nucleosome core particle is a major obstacle to 
transcription, affecting both the ability of transcription factors to bind DNA and the 




Chromosomal DNA is wrapped around histone octamers, essentially composed 
of 4 kinds of subunits; viz., H2A, H2B, H3, and H4. These proteins are subject to 
chemical modifications at specific residues of histone tails; some well-studied 
modifications include phosphorylation, methylation, and ubiquitination (Peterson 
and Laniel 2004). These mostly reversible modifications are involved in setting 
the stage for directed transcriptional activation and repression by controlling DNA 
accessibility or recruitment (Bannister and Kouzarides 2005) of other protein 
complexes. For example, the inhibitory effect of nucleosomes is relieved by 
acetylation of histones which reduces their net positive charge and weaken their 
binding to DNA. This idea has been extended into the “histone code” hypothesis 
(Strahl and Allis 2000; Jenuwein and Allis 2001) that complex combinations of 
distinct histone modifications, like H3K27me3 (a mark of repressed regions), 
H3K4me3 (a mark of gene promoters), H3K27ac (a mark of transcriptionally 
active regions), etc., underlie specific transcriptional programs (Bannister and 
Kouzarides 2011). This notion has been further extended in more recent works 
into an ‘epigenomic code’ to include epigenomic marks other than histone 
modifications (Ernst and Kellis 2012). 
Additional proteins called nucleosome remodeling factors facilitate the binding of 
transcription factors to chromatin by altering nucleosome structure. The 
mechanism of action of nucleosome remodeling factors is not yet clear, but they 
appear to increase the accessibility of nucleosomal DNA to other proteins (such 
as transcription factors) without removing the histones (Alkhatib and Landry 




the DNA molecule, thereby repositioning nucleosomes to facilitate transcription 
factor binding. The mechanisms by which nucleosome remodeling factors are 
targeted to actively transcribed genes also remain to be established, although 
some studies suggest that they can be brought to enhancer or promoter sites in 
association with transcriptional activators or as components of the RNA 
polymerase II holoenzyme (Kireeva et al. 2002). 
DNA Methylation 
One of the more stable and heritable, and the most studied, epigenetic marks is 
DNA methylation, which provides another general mechanism by which control 
of transcription in vertebrates is linked to chromatin structure. Cytosine residues 
in vertebrate DNA can be modified by the addition of methyl groups at the 5-
carbon position. DNA methylation is found in three different sequence contexts: 
CG (or CpG), CHG or CHH (where H correspond to A, T or C), although in 
mammals most methylation occurs at CG dinucleotides (Bird 1992). Two types of 
methylation activity have been distinguished. The first is maintenance 
methylation which, following genome replication, is responsible for adding methyl 
groups to the newly synthesized strand of DNA at positions opposite methylated 
sites on the parent strand. The maintenance activity therefore ensures that the 
two daughter DNA molecules retain the methylation pattern of the parent 
molecule (Eckhardt et al. 2006). The second activity is de novo methylation, 
which adds methyl groups at totally new positions and so changes the pattern of 
methylation in a localized region of the genome. Through in vitro experiments, it 




in mammalian cells. It was subsequently discovered that knockout mice that have 
an inactivated gene for Dnmt1 can still carry out de novo methylation. This led to 
the search for new enzymes and the eventual discovery of Dnmt3a and Dnmt3b, 
which are now considered to be the main de novo methylases of mammals, with 
Dnmt1 primarily responsible for the maintenance activity (Bird 1984). 
DNA methylation is correlated with reduced transcriptional activity of genes that 
contain high frequencies of CpG dinucleotides in the vicinity of their promoters. 
Methylation inhibits transcription of these genes via the action of a protein, 
MeCP2, that specifically binds to methylated DNA and represses transcription. 
Interestingly, MeCP2 functions as a complex with histone deacetylase, linking 
DNA methylation to alterations in histone acetylation and nucleosome structure 
(Robertson 2000). Although DNA methylation is capable of inhibiting 
transcription, its general significance in gene regulation is unclear. In many 
cases, methylation of inactive genes is thought to be a consequence, rather than 
the primary cause, of their lack of transcriptional activity (Baylin and Bestor 
2002). The human genome is highly methylated; approximately 80% of cytosines 
in CpG dinucleotides are chemically modified at their fifth carbon atom with a 
methyl group (Tucker 2001). Although historically, DNA methylation was 
associated with transcriptional silencing (as evidenced by many promoter-based 
studies) (Newell-Price et al. 2000), genome-scale profiling of this epigenetic mark 
revealed that in some instances DNA methylation is correlated with 
transcriptional activation, such as when it is enriched in the gene bodies of active 




initiation but not elongation. Thus, the associations between an epigenomic mark 
and functional output may be location-specific, thereby complicating their 
functional interpretation. 
Regulatory Innovations in the Genome 
Variability in transcriptional regulation underlies a large portion of phenotypic 
variability across tissues, as well as across species. The primary mediators of 
variability in transcriptional regulation are the cis-regulatory elements (CREs), 
viz., promoters and enhancers, and the trans-acting factors that bind to the 
CREs. First, the landscape of distinct sequence elements that regulate the 
spatio-temporal activity profiles of genes is far from complete. For example, 
several (or alternate) CREs such as promoters and enhancers can act in a 
coordinated fashion to regulate transcription of one gene. This ensures that 
genes are only expressed when they are needed allowing the generation of 
phenotypic variance, organizational maintenance, and energy conservation. 
Second, mutations that occur in the coding sequences of trans-acting factors, or 
those occurring in cis-regulatory elements (CREs) that determine TF binding 
sites, may change the identity of the cognate TF or alter the affinity with which a 
site is bound, respectively. This in turn introduces a change in the logic of the 
transcriptional regulatory circuits harboring these modifications and leads to 
adaptations in the form of novel gene expression patterns. But regulatory 
changes representative of conserved expression patterns also occur frequently. 




pathways, these changes have probably allowed the two systems to respond 
differently to internal or external signals. 
CREs and trans-acting factors thus provide an extensive platform for regulatory 
innovation; the extent of which is only beginning to be appreciated. Studies 
exploring diverse aspects of regulatory innovation across species have 
compared sequence conservation of their cis-regulatory modules (Maeso et al. 
2013), turnover of binding sites in accessible DNA (Stergachis et al. 2014), as 
well as the spatial configuration of regulatory DNA (Dixon et al. 2012), thereby 
contributing to our understanding of transcriptional regulation in different ways. 
We discuss three yet-unexplored avenues of regulatory innovation, that form the 
bases of this dissertation, below: 
Cis-regulatory Rewiring mediated by CREs 
As outlined earlier, there is extensive plasticity in the cis and trans-regulatory 
circuitry that is representative of both conserved and diverged expression 
programs across species. TF rewiring is a prominent mechanism of evolutionary 
changes in cis-regulation. Over evolutionary time, some genes (or sets of co-
regulated genes) have undergone a switch in cis-regulation whereby they are 
regulated by one TF in a few species, but have opted this factor out and are 
instead regulated by a different TF in other related species. A well-known 
example of such regulatory rewiring in yeast species occurred in a set of 
functionally related co-expressed genes, viz., the ribosomal regulon. This regulon 
in Candida albicans (Calb) and related yeast species is under the control of the 




cerevisiae (Scer), the repressor-activator protein RAP1 regulates the 
transcription of the same regulon (Tanay et al. 2005). This switch of regulatory 
factors is due to the loss of the cis-element, i.e., transcription factor binding sites 
for TBF1, and the appearance of the RAP1 transcription factor binding sites in 
the promoters of 60+ genes that comprise this regulon. 
 
Figure 1-1. An overview of yeast Ribosomal Protein (RP) promoters. Each line displays 
information for one RP gene (left to right: promoter regions in C. albicans and S. cerevisiae (from 
-700 to +100 bp, relative to transcription start site (TSS) and gene name). RPs were chosen 
based on annotations in S. cerevisiae, and restricted to those that have a 1:1 ortholog mapping to 
C. albicans. Colored boxes indicate locations of predicted TF binding sites (see key in bottom 
right corner). TFs were selected that have at least threefold binding site enrichment in promoter 
regions of RP genes in either species (relative to randomly selected promoter sets). Genes are 
sorted (top to bottom) in order of most distal appearance of Rap1 binding sites in S. cerevisiae 
(relative to TSS) among 47 RP genes. Figure adapted from (Weirauch and Hughes 2010) 
 
More recently, a rewiring event involving the regulation of Leloir-pathway genes 
(enzymes acting to metabolize galactose) was reported in yeast species. In Scer, 
these genes are positively regulated by Gal4, however this transcription factor is 




activation of expression of Leloir-pathway genes in the latter species requires 
Cph1, the homolog of the Ste12 transcription factor of S. cerevisiae (Martchenko 
et al. 2007). Prior studies have characterized a few cases of regulatory rewiring 
of specific genes/gene-sets in great depth (Martchenko et al. 2007; Lavoie et al. 
2010; Hogues et al. 2008), and yet these are expected to represent just the tip of 
the iceberg. These previous studies provide important insights into aspects of 
rewiring. For example, Mallick and Whiteway (Mallick and Whiteway 2013) 
showed how regulatory connections local to rewired TFs can change to preserve 
gene target expression patterns (for example, recruitment of IFH1-FHL1 to 
ribosomal gene targets is maintained in both systems). Yet, there are several 
aspects of regulatory rewiring that are poorly understood. For instance, (i) how 
widespread is a wholesale shift in transcriptional regulation of a regulon?, (ii) 
what are the features of target genes that make them amenable to rewiring?, (iii) 
what characterizes rewired TFs, etc. By gathering more candidate rewiring 
events and collectively analyzing their trends, we can potentially answer these 
questions and gain further insights into conditions conducive to rewiring, as well 
as enable discovery of clade/species-specific instances of regulatory innovation. 
Yet, no efforts have been made to discover in an unbiased and high-throughput 
manner, the presence of such regulatory rewiring. 
Interaction-mediated Regulatory Rewiring in trans-acting Factors  
Similar to evolutionary changes in the sequence of CREs, changes in the coding 
sequence of genes encoding TF proteins (in terms of their activation or 




sequence changes coding for secondary structures like motifs and 3D domains 
of a protein, a given TF can now interact with different partners, via altered 
protein-protein interaction capabilities, such that it is might be involved in 
regulating a different set of genes. 
A few instances of such domain related regulatory rewiring have been well 
established in a wide range of species. For example, the cis-element rewiring 
between RAP1 and TBF1 in yeast was also accompanied by a change in the 
protein domains of co-factors that they interact with. Essentially, a dimer 
containing IFH1 is considered to be the primary regulator of ribosomal protein 
genes in both Scer and Calb. In Scer, the dimer is recruited to the ribosomal 
gene promoter by RAP1 to activate expression, whereas in Calb, this dimer is 
directed to its target by TBF1. Intriguingly, correlated with the transition to the 
RAP1-regulated circuit in Scer, the Sc-IFH1 now contains a RAP1 interaction 
domain that is not present in the Calb protein (Mallick and Whiteway 2013). 
A similar phenomenon driven by changes in protein linear motifs has evolved 
during the development of diverse insect species. The TF FTZ, has switched 
from serving a homeotic role in ancestral insect species, to being involved in 
segmentation in the Drosophila genus. This switch in FTZ’s function is 
accompanied by the loss of YPWM, a protein sequence motif that is responsible 
for cofactor interactions with homeotic regulators, and the gain of a LXXLL motif 
that enables interaction with segmentation-related cofactors and targets (Heffer 
et al. 2010). Specifically, having acquired the LXXLL motif, the FTZ now 




controlling segmentation processes across diverse insect species. These TFs 
cooperatively bind to their target gene engrailed, to activate its expression and 
initiate this stage of development in Drosophila (Florence et al. 1997). 
 
Figure 1-2. Diversity in Ftz cofactor interaction motifs across arthropod evolution. An 
arthropod phylogeny showing the presence/absence of functional Ftz motifs which was 
accompanied by a change in function of Ftz from regulating homeotic genes in early arthropods 
to segmentation genes in holometabolites. The LXXLL motif (green) is required for pair-rule 
function in Drosophila and mediates interaction with the Ftz cofactor Ftz-F1. LXXLL was stably 
acquired at the base of Endopterygota. The YPWM mediates interaction with the homeotic 
cofactor Exd. This motif is present in Ftz in some arthropods (blue), but has degenerated in many 
lineages (red). Figure adapted from (Heffer et al. 2013) 
 
Despite the extent of protein domain changes across clades, very few studies 
have been reported that map these in a genome-wide fashion, specifically as 
they pertain to regulatory rewiring. Moore and Bornberg-Bauer (Moore and 
Bornberg-Bauer 2012) explored the functional implications of protein domain 




crustacean clade. Although they map evolutionary changes in protein structure to 
function, this study (1) is mainly focused on contrasting the evolution and function 
of novel protein domains vs. that of conserved domains across species, (2) does 
not venture to explain changes in interaction preferences between TFs on 
account of sequence changes, and (3) is primarily a domain-centric analysis, and 
does not account for the effect of evolutionary changes in short linear motifs 
(SLiMs), like the LXXLL/YPWM motifs in insects. SLiMs are interaction modules 
that have been implicated in greatly diversifying functions of protein isoforms 
(Weatheritt and Gibson 2012). A recent study suggests that weak domain-linear 
motif interactions (DLIs) are more likely to connect distinct biological modules 
than strong domain-domain interactions (DDIs) (Kim et al. 2014), supporting the 
notion that they contribute significantly to innovation in regulatory networks. 
Orphan CGI alternative promoter potential 
As only a small percentage of the genome is responsible for coding proteins 
(around 2%), almost all of the remaining DNA was predicted to have no biological 
function. Yet, the international Encyclopedia of DNA Elements (ENCODE) project 
uncovered, by direct biochemical approaches, that at least 80% of human 
genomic DNA has biochemical activity (not to be misconstrued with biological 
function). This accompanied by the discovery of many functional noncoding 
regions and their involvement in epigenetic activity and complex networks of 
genetic interactions suggests that a rising percentage is being shown to have 
regulatory functions. The discovery of crucial regulatory functions in novel 




data increases, and is expected to rise even further in the next few decades. 
The two major cis-regulatory sequences in non-coding DNA that regulate the 
composition of genes expression in different cell types are promoters and 
enhancers. They orchestrate this process by acting as templates that allow 
binding of specific factors recruited in response to various stimuli. Promoters are 
located immediately upstream of genes and serve to bind the preinitiation 
complex (PIC) to initiate transcription, whereas enhancers modulate 
transcriptional rate in a cell type specific fashion by either recruiting or stabilizing 
the PIC at the promoter (Maston et al. 2006). 
CpG islands (or CGIs) are regions with a high frequency of CpG sites of at least 
200 bp in length, and a GC percentage that is greater than 50%, and with an 
observed-to-expected CpG ratio that is greater than 60% (however, other 
operational definitions of CGI have been used). CGIs near genes are historically 
well studied; they are recognized as regulatory elements capable of transcription 
initiation that lie within promoters. Yet, about 50% of all CGIs lie outside of known 
promoter regions (also called orphan CGIs), and not much is understood about 
their biological significance. Although a previous study showed that a CGI in 
intron 10 of the imprinted Kcnq1 gene (Mancini-DiNardo et al. 2003) was found to 
promote the initiation of a noncoding transcript (Kcnq1ot1) required for the 
imprinting of several genes at this locus. Further, tissue-specific alternative 
promoter activity was recently detected at an orphan CGI that promotes a 
specific isoform of the Rapgef4 gene (Hoivik et al. 2013). Finally, orphan CGIs 




genes in humans (viz., retrocopies) to transcribe their gene products (Carelli et 
al. 2016). Thus, cumulative evidence suggests that most, perhaps all, CGIs (1) 
have promoter-like characteristics, (2) are sites of transcription initiation, and (3) 
might be poised as transcriptional initiation sites, such that in a contextually 
favorable configuration can function as alternative promoters for a proximally 
located neighboring gene. To our knowledge, aside from the anecdotal pieces of 
evidence, no study so far has reported unexpected promoter activity at orphan 
CGIs at a large scale across cell types, or reported the existence of a general 
regulatory mechanism involving orphan CGIs.  
Organization of Thesis 
In Chapter 2, we develop a novel probabilistic scoring method to 
comprehensively screen for cis-regulatory rewiring within regulons across 23 
yeast species. Besides recapitulating known events, this work generates a high-
confidence resource of previously unknown rewiring events spanning functional 
gene-sets and individual genes, which is then followed by extensive analysis of 
their functional properties. 
In Chapter 3, by analyzing data from ENCODE, Epigenomics Roadmap, 
FANTOM amongst other sources, we show for the very first time, the pervasive 
ability of intergenic orphan CGIs located several kilobases upstream of 
methylated-promoter genes to serve as their alternative promoters. Such CGI-
initiated transcription explains the tissue-specific expression of a large fraction (~ 
50%) of genes with methylated promoters, as observed across 34 human tissues 




aberrant tumor expression of certain genes with methylated promoters, 
implicating the observed transcriptional mechanism in cancer. Our work adds an 
important piece to the puzzle that intergenic CGIs present with respect to their 
overall functional role. 
In Chapter 4, we used a pairwise SVM method for species specific PPI prediction 
between 1200 TFs in 12 related arthropod species, followed by detection of 
protein interaction based regulatory rewiring. Based on simulation studies, we 
show that the accuracy of detection of rewiring events using the above PPI 
prediction method is approximately ~80-85%, which recapitulates the known 
FTZ-EXD to FTZ-FTZ1 interaction rewiring event amongst the top 5% of all 
events involving FTZ. We find rewiring events involving several protein members 
of the “enhancer of split” complex amongst the top 1% detected events, which is 
known to have undergone lineage specific gene losses and duplications. We 
expect that a deeper investigation of the rewiring events involving these protein 
members may reveal crucial information about regulatory network changes in 
neurogenesis across insect evolution. 
Finally, in Chapter 5, we conclude with overall perspective and potential future 









CHAPTER 2: High throughput identification of cis-regulatory 
rewiring events in yeast 
 
Abstract 
A co-regulated module of genes (“regulon”) can have evolutionarily conserved 
expression patterns and yet have diverged upstream regulators across species. 
For instance, the ribosomal genes regulon is regulated by the transcription factor 
(TF) TBF1 in C. albicans, while in S. cerevisiae it is regulated by RAP1. Only a 
handful of such rewiring events have been established, and the prevalence or 
conditions conducive to such events are not well known. Here, we develop a 
novel probabilistic scoring method to comprehensively screen for regulatory 
rewiring within regulons across 23 yeast species. Investigation of 1713 regulons 
and 176 TFs yielded 5353 significant rewiring events at 5% FDR. Besides 
successfully recapitulating known rewiring events, our analyses also suggests TF 
candidates for certain processes reported to be under distinct regulatory controls 
in S. cerevisiae and C. albicans, for which the implied regulators are not known: 
1) oxidative stress response (Sc-MSN2 to Ca-FKH2), and 2) nutrient modulation 
(Sc-RTG1 to Ca-GCN4/Ca-UME6). Further, a stringent screen to detect TF 
rewiring at individual genes identified 1446 events at 10% FDR. Overall, these 
events are supported by strong co-expression between the predicted regulator 
and its target gene(s) in a species-specific fashion (>50-fold). Independent 
functional analyses of rewiring TF pairs revealed greater functional interactions 




Our study represents the first comprehensive assessment of regulatory rewiring; 
with a novel approach that has generated a unique high-confidence resource of 
several specific events, suggesting that evolutionary rewiring is relatively 
frequent and may be a significant mechanism of regulatory innovation. 
Introduction 
Gene expression variability (a biomarker of phenotypic diversity) within and 
across species is largely brought about by the differences in transcriptional 
control mechanisms (Stranger et al. 2012; King and Wilson 1975) that are partly 
reflected in the sequences of regulatory elements, such as transcription factor 
(TF) binding sites (TFBS), and sequences that effect nucleosome positioning 
(Wittkopp and Kalay 2011; Connelly et al. 2014; Wray 2007). The converse is not 
necessarily true; it has been observed that genes with highly conserved spatio-
temporal transcriptional patterns have highly divergent cis-regulatory 
configurations in different species (for example, Endo16 in sea urchins (Romano 
and Wray 2003), eve and runt in Drosophila species, and many more (Weirauch 
and Hughes 2010)). Further, a recent comparative study of TF footprints between 
human and mouse showed only a small (20%) fraction of the footprints to be 
shared between the two species indicating a large turnover of transcription factor 
binding sites (Stergachis et al. 2014). Collectively, these observations support 
the idea that there is extensive plasticity in the cis-regulatory circuitry that is 
representative of both conserved and diverged expression programs across 




Weirauch and Hughes 2010). 
TF rewiring is a prominent mechanism of evolutionary changes in cis-regulation, 
and can occur over relatively short evolutionary timescales (Tuch et al. 2008). 
Essentially, specific genes (or a set of co-regulated genes) have undergone a 
switch in cis-regulation; whereby in the ancestral species the genes were 
regulated by a particular TF, but at a specific evolutionary lineage (represented 
by a subset of extant species) the genes are instead regulated by a different TF 
(Fig. 2-1). Such evolutionary rewiring of TFs may or not result in changes in 
downstream expression patterns. A well-known example of the latter type of 
regulatory rewiring in yeast species occurred in a set of functionally related co-
expressed genes, viz., the ribosomal regulon. This regulon in Candida albicans 
and related yeast species is under the control of the DNA binding factor TBF1, 
whereas in the more recently evolved Saccharomyces cerevisiae, the repressor-
activator protein RAP1 regulates the transcription of the same regulon (Hogues 
et al. 2008). This switch of regulatory factors (from TBF1 to RAP1) is likely due to 
the loss of binding sites for TBF1, and the simultaneous gain of the RAP1 TFBS 
in the promoters of 60+ genes that comprise this regulon (Weirauch and Hughes 
2010). As mentioned previously, in this case, the function and expression pattern 
of the regulon is maintained in the two species, however, since transcriptional 
output is the end point of signal transduction pathways, this rewiring has probably 
allowed the two species to respond differently to internal or external signals. 
Furthermore, such rewiring might even constitute changes essential for 




Only a few examples of TF rewiring of co-regulated genes (regulons) with 
conserved expression patterns across species have been reported. In addition to 
the above mentioned RAP1-TBF1 switch in ribosomal genes, a GAL4/TYE7-
GCR1 switch in glucose metabolism genes across yeast species has previously 
been characterized, and a GAL4-CPH1 switch in regulation was recently 
observed in the galactose metabolism regulon (Martchenko et al. 2007) – 
although these are expected to represent just the ‘tip of the iceberg’. 
Identification of additional cases of rewiring will facilitate comparative analysis of 
regulation, help discover clade/species-specific instances of regulatory 
innovation, inform the contribution of TF rewiring in genes/processes towards 
adaptability, and also enable investigations of evolutionary conditions conducive 
to such regulatory switching. Despite its importance, no genome-wide efforts to 
detect rewiring events have been reported. 
Here we develop a genome-scale approach to identify potential TF rewiring 
events in 23 related species of yeast. We utilize comprehensive DNA binding 
motifs for 176 yeast TFs, annotation of gene promoters and established 
orthology groups across 23 divergent yeast (ascomycetes) species (Matys et al. 
2006; Wapinski et al. 2007b, 2007a), to inform a probabilistic function that tests 
for clade-specific and gene-specific rewiring of TFs. Briefly, for a TF-pair 
(rewiring candidate), and a select evolutionary branch (that partitions 23 species 
into two groups), we compute a probabilistic score which assesses the 
proposition that a gene is regulated by one of the TFs (say, X) in one group of 




Figure 2-1A. We thus compute a rewiring score (RS) for every gene (more 
precisely, orthologous gene family) and every TF-pair across six select partitions 
of the yeast evolutionary tree (only the branches numbered in bold/larger font in 
Fig. 2-1B). 
Next, we apply our novel method to detect rewiring events for groups of genes 
involved in the same biological process and whose expression are correlated in 
both S. cerevisiae and C. albicans.  Our broad application to 1713 regulons 
detected 5353 significant rewiring events (FDR<0.05). While successfully 
recapitulating the known rewiring events discussed earlier, our results also 
suggest plausible TF candidates for certain processes reported to be under 
distinct regulatory controls in S. cerevisiae (Scer) and C. albicans (Calb) but for 
which specific regulators are not known. Specifically, MSN2/4 are known to be 
major players in controlling the response to oxidative stress in Scer (Elfving et al. 
2014), although these TFs possess no known roles in regulating the same in 
Calb (Nicholls et al. 2004); we present evidence for the co-option of FKH2 in 
regulating this process in Calb. Similarly, RTG1 plays a role in regulating the 
metabolism of intermediates in Scer such that its misregulation leads to amino 
acid auxotrophies (Homann et al. 2009), while the same does not occur in Calb. 
Our results indicate that the promoters of some of the genes involved in this 
process seem to have diverged to accommodate binding sites for Ca-GCN4/Ca-
UME6, thereby potentially rewiring their upstream regulator. 
Furthermore, independent functional analyses of TF pairs that tend to rewire 




connections (p<1e-04) and shared biological processes (p<1e-03), (2) occupy 
lower levels of the TF hierarchy, and (3) display strong co-expression between 
the predicted regulator and the target gene(s) in a species-specific fashion (>50-
fold enrichment) across rewiring events. Next, to assess the significance of 
rewiring events at the level of individual genes, we applied a highly stringent 
control using a phylogeny-preserving permutation technique (called rotation test) 
to generate a suitable null expectation. At FDR < 0.1, we detected over 1000 
significant rewiring events at the individual gene level. Similar to regulon rewiring, 
gene-level rewiring events are also supported by species-specific co-expression 
of TFs and targets, as well as greater functional connections between rewiring 
TFs. Finally, an assessment of TF rewiring within regulons and individual genes 
across 23 yeast species suggests that evolutionary rewiring is relatively frequent 








Figure 2-1. Overview of the cis-rewiring detection approach. The figure illustrates the 
rationale, the probabilistic function, and the search space. (A) Toy Example: This sample tree 
shows 4 species (s1,s2,s3,s4) partitioned at a select branch b to produce the partition of 2 
species in the left clade (s1, s2 Є S) and 2 species (s3, s4 Є T) in the right clade. Gene locus g 
represents the orthologous group of genes across all the four species (g1,g2,g3,g4 Є G) that 
hypothetically exhibit differential usage of regulating TFs X and Y, where X is used by species in 
the left clade and Y is used by species in the right clade, and not vice-versa. Such an instance of 
change in cis-regulatory preferences of locus g, between the TF-pair (X,Y) at branch b, can be 
computed as shown, where P(TF,g,s) represents the probability of a TF binding the promoter of 
gene g in species s. Summation of the binding probabilities in each clade yields the rewiring 
score RS(X,Y,g,b). (B) Phylogenetic tree of Ascomycetes:  Tree shows relationships between the 
23 yeast species surveyed in this analysis. Branches are numbered from 1 to 44. Six branches 
highlighted in bold and larger font numbering represent the chosen branches across which we 
partitioned the species to assess lineage-specific cis-regulatory rewiring. 
Results 
A probabilistic framework to detect rewiring events 
We define a probabilistic function henceforth referred to as the “rewiring score” 
(RS) to provide a metric indicative of how likely it is that a given gene locus 




switched its regulator in a particular lineage. The RS function is illustrated in 
Figure 2-1A and described in the Methods section. Very briefly, consider 
orthogroup g, and a phylogenetic tree branch b that partitions the 23 species into 
species set S comprising of the species descending from the internal branch b, 
and the complement species set T. For TFs X, Y, rewiring score RS(X,Y,g,b) 
calculates the probability that X regulates g in the species set S (and Y does not), 
and Y regulates g in the species set T (and X does not). Following previous 
works (Habib et al. 2012; Levy and Hannenhalli 2002), the probability that a TF 
regulates a gene in a species is derived from the score of the TF’s DNA binding 
motif against the gene promoter (see Methods). 
High-throughput computation of rewiring scores across all orthogroups, 
TFs and lineages 
Our goal was to comprehensively assess rewiring amongst all orthogroups 
across 23 extant yeast species, for all possible pairs of 176 TFs (annotated for 
DNA binding motif in S. cerevisiae). We chose 6 distinct lineages in the 
evolutionary tree of 23 ascomycetes to test for rewiring (Fig. 2-1B). The internal 
branches defining these lineages were selected based on two criteria: (1) each of 
the two species groups separated by the lineage comprised of at least 3 species, 
and (2) the partitioning is biologically meaningful, e.g., non sensu-stricto & sensu-
stricto species, pre- & post- whole genome duplication, etc. 
We obtained the 3844 orthogroups corresponding to protein coding genes 
spanning 23 yeast species from the Fungal Orthogroups Repository (Wapinski et 




obtained from (Wapinski et al. 2007b). Using the DNA binding motifs for 176 S. 
cerevisiae TFs from TRANSFAC (Matys et al. 2006), we obtained the binding 
probabilities (a value between 0 and 1) of all TFs in all promoters of 23 species. 
We thus computed a rewiring score for all 176*175 = 30800 TF pairs for 3844 
orthogroups at 6 lineages, resulting in over 118 million rewiring scores per 
branch. The branch-wise distributions of rewiring scores over all orthogroups and 
all TF-pairs are shown in Figure 2-2. It is evident that more rewiring has occurred 
on branch #19 than on other branches. In fact, due to the nature of the rewiring 
score function, the distribution of rewiring scores is dependent on the species 
partitioning into distinct clades, and is therefore branch-specific. This is reflected 
in the variation in rewiring score distributions across branches. (see Methods). 
In general, TF binding motifs with high information content (IC) yield a more 
skewed binding probability distribution relative to TF motifs with low IC. To 
ensure that this inherent difference in binding properties does not introduce a 
bias in the rewiring scores, we categorized rewiring scores based on IC values of 
the two TFs (see Supplemental Fig. A-1). We found that the pooled distributions 
in different IC bins are not significantly different from each other, suggesting that 
the rewiring scores are not sensitive to differences in IC of the TF motifs. 
Another potential concern is that the TF DNA binding motifs derived from S. 
cerevisiae, are used to estimate binding probability in all yeast species. 
Divergence in DNA-binding specificity of orthologous transcription regulators 
across related species is believed to occur infrequently because of pleiotropic 




2007). With some exceptions (e.g. Matα1 TFBS in yeast species (Baker et al. 
2011)), previous studies have observed a strong conservation of the regulatory 
lexicon (~95% between mouse and human (Stergachis et al. 2014)) as well as 
the function of several TFs across large evolutionary distances (McGinnis et al. 
1990). Our approach cannot identify these exceptions, as we scan promoters for 
TFBS using known TF motifs, as opposed to de-novo motif detection, which, 
however, is more error-prone and difficult to interpret. Although in principle, 
species-specific refinements of the motif can be derived, a recent work based on 
the same data sets used here showed that such a refinement step did not result 
in substantial differences in the detection of binding sites (Habib et al. 2012). 
 
Figure 2-2. Distribution of all computed rewiring scores. Each boxplot here represents the 
distribution of rewiring scores (log scale terms on the Y axis) across all triplets RS(X,Y,g), at a 





Regulon-level rewiring of transcription factor usage  
A regulon, as described earlier, is a collection of transcriptionally co-regulated 
and presumably functionally related genes (Segal et al. 2003). Such coordinated 
regulation is evidenced by correlated expression patterns of the genes across 
multiple spatio-temporal conditions. Following our primary motivation of detecting 
coordinated changes in TF usage that are representative of conserved 
expression phenotypes across sets of related genes, (similar to ribosomal genes 
(Weirauch and Hughes 2010)), we specifically assessed those sets of genes that 
shared a biological function and had strongly correlated expression both in Scer 
and Calb (separated by over 300 MY) for rewiring of their putative upstream 
regulator. Very briefly, starting with gene sets corresponding to 577 distinct 
biological functions (Gene Ontology (GO) term) or pathways, we identified 
disjoint subsets of genes that exhibit highly correlated expression across 
hundreds of spatio-temporal conditions, both in Scer and Calb. See Methods for 
details. A total of 1713 gene groups, with an average size of 32 genes were 
assessed for regulatory rewiring. 
To assess regulatory rewiring of a regulon, we computed the rewiring score for 
each gene in the regulon as described above, yielding a distribution of rewiring 
scores. To estimate the significance of this distribution, we compared it with the 
distribution of rewiring scores for all orthogroups (at the same lineage and for the 
same TF pair) using Wilcoxon test. A significantly higher rewiring score 
distribution for the regulon genes was interpreted as evidence for rewiring. We 




176*175=30800 TF pairs at 4 select lineages (descending from internal branches 
b ϵ 7, 11, 19, 20) shown in Figure 2-1B. These branches were selected because 
they partition the two well characterized species with expression data – Scer and 
Calb. After correcting for multiple testing (Storey 1995), we identified 5353 
significant rewiring events at FDR < 0.05. Given that our method for detecting TF 
binding is purely sequence-based, it is possible that the apparent “multiplicity” in 
cases where multiple TFs rewire at the same gene(s) and the same branch, is 
simply an artifact of motif similarity between detected TFs. We found that while 
this is true, it explains only a very small fraction of cases (see Supplemental Fig. 
A-2) to be of any concern. 
The detected rewiring events span regulons involved in 577 processes ranging 
from core processes (ex. sugar and amino acid metabolism, growth, sporulation, 
etc.) to more specialized ones (ex. response to drug, chemical stimulus etc.), 
suggesting that regulatory rewiring has occurred extensively across the evolution 
of divergent yeast species. We discuss the detected rewiring events in the 
following sections. 
Our method recapitulates previously established rewiring events in yeast 
Rewiring of ribosomal genes. Ribosomal protein (RP) genes are crucial for 
cellular growth and viability. As described earlier, this fairly large regulon has a 
different upstream regulator in Scer and its closely related species (RAP1) as 
compared to the ancestral species (TBF1). The switch is believed to have 
specifically occurred along branch 19, as is shown in Fig. 2-1B (Hogues et al. 




the WGD event, and there might be a possible link between this switch and 
WGD; there is currently no evidence to support this. This particular regulatory 
substitution is supported by the presence of binding sites of the rewired factor as 
well as the explicit loss of binding sites of the replaced factor, in the 
corresponding species (Weirauch and Hughes 2010). Furthermore, it has been 
shown that both RAP1 and TBF1 in their respective species are involved in 
recruiting the IFH1/FHL1 complex to the RP promoters (Mallick and Whiteway 
2013), which are the primary regulators of RP genes. Despite the requirement of 
this dimer in both species, the cis-regulatory organization of RP genes in Calb is 
different from those in Scer; in Calb, these are mainly dominated by CBF1 
binding sites while lacking discernible IFH1 sites, while the opposite pattern is 
observed in Scer (Hogues et al. 2008). 
These differences in cis-element configurations (viz., RAP1/IFH1 binding sites in 
Scer vs. TBF1/CBF1 binding sites in Calb) of ribosomal genes are immediately 
apparent in the rewiring scores of the TFs implicated in the above process. Since 
our method does not consider combinatorial relationships between TF-binding 
within species, it detects all 4 pairwise combinations of TFs (viz., RAP1-TBF1, 
RAP1-CBF1, IFH1-TBF1 and IFH1-CBF1) as having significantly rewired at that 
lineage. We present in the main text, results for the RAP1-TBF1 and IFH1-CBF1 
rewiring events only, but the results are similar for all 4 cases (see Supplemental 
Fig. A-3 for the others). 
Figure 2-3 shows the distributions of rewiring scores of the RP regulon versus 




the rewiring scores assessing the potential that RAP1 regulates the genes in 
species diverging from a given branch b, and TBF1 regulates the ancestral 
species. We observe that the differential in the rewiring scores for RP genes and 
the background is indeed the greatest at branch #19 (FDR < 1e-04). Figure 2-3B 
depicts plots analogous to Figure 2-3A, but for the potential that TBF1 regulates 
the genes in species diverging from branch b, and RAP1 regulates the ancestral 
species. Since this is essentially the complementary configuration, we expected 
to see a negative shift in rewiring scores of RP genes relative to background. 
Interestingly, the negative shift at branch #19 in Figure 2-3B is far more extreme 
than their positive shift counterpart in Figure 2-3A (compared to null; FDR < 1e-
16). This is consistent with the fact that this rewiring event was mainly driven by 
the loss of TBF1 sites in Scer and related species, rather than gain of RAP1 
binding sites (Weirauch and Hughes 2010). Figure 2-3C and 2-3D show 
qualitatively similar trends for the IFH1-CBF1 rewiring event and is consistent 
with the rewiring between the two TFs at branch #19 (Hogues et al. 2008). 
Rewiring of galactose metabolism genes. Galactose metabolism is another 
process that has undergone rewiring of the transcriptional circuitry, such that the 
upstream regulatory regions of a subset of genes encoding enzymes of this 
pathway have significantly diverged (viz., GAL1, GAL2, GAL3, GAL7 and GAL10) 
in related fungi (Rokas and Hittinger 2007). In S. cerevisiae, the regulator GAL4 
positively activates transcription of these genes in response to galactose through 
the recognition sequence CGG(N11)CCG (Martchenko et al. 2007). However, in 




found in contexts unrelated to galactose metabolism. Martchenko et al. further 
suggested that the regulation of these genes in Calb are instead mediated by 
CPH1, the homolog of STE12 in Scer; these two factors share 86% sequence 
similarity in their DNA-binding domain. 
Indeed, analogous to RP genes, we detected significant support of rewiring in the 
galactose regulon genes for the two factors, GAL4 and STE12. Specifically, 
Figure 2-4A compares the rewiring score distribution of the background (over all 
genes) against that of galactose metabolism genes for the potential that GAL4 
regulates the genes in species diverging from a given branch b, and STE12 (or 
CPH1) regulates the ancestral species. Here, we see positive shifts in rewiring 
scores of the galactose regulon across all branches that separate Scer and Calb, 
with the highest shift in branch #19 (FDR < 0.02). See Supplemental Figure A-4A 
for the potential that STE12 (or CPH1) regulates the genes in species diverging 
from a given branch b, and GAL4 regulates the ancestral species. Similar to the 
case of RP genes, we observed significantly lower regulon rewiring scores when 
compared to the null background expectation in branch #19 (FDR < 0.002).  
Taken together, these results suggest that this change in cis-configuration, and 
thereby regulation, occurred at branch #19. Martchenko et al. hypothesized that 
this switch probably occurred as a consequence of WGD (Martchenko et al. 
2007), but our analysis suggests that the gain of GAL4 binding sites, as well as 
loss of CPH1 binding sites initiated before the WGD event. 
Rewiring of glucose metabolism genes. In C. albicans, genes involved in glucose 




has been taken over by GCR1 and GCR2 (Askew et al. 2009; Lavoie et al. 
2009). Consistent with this event, we detect significant signal of rewiring in a 
subset of genes involved in glucose metabolism for the two factors, GCR1 and 
GAL4. Specifically, Figure 2-4B compares the rewiring score distribution of the 
background against that of glucose metabolism genes for the potential that 
GCR1 regulates the genes in species diverging from a given branch b, and GAL4 
regulates the ancestral species. We see positive shifts in rewiring scores of 
glucose metabolism genes across all branches that separate Scer and Calb, with 
the highest shift in branch #19 (FDR < 0.005). Similar to previous cases, we 
observe significantly lower regulon rewiring scores when compared to the 
background in the complementary scenario as shown in Supplemental Figure A-





Figure 2-3. Rewiring scores of the ribosomal regulon for RAP1-TBF1 and IFH1-CBF1 
switches across branches. The rewiring scores are shown on the Y axis, and the selected 
branches are shown on X axis. (A) RAP1 in lineage & TBF1 in ancestral species: This plot 
compares the rewiring score distribution of the background (all genes; in white) and that of 
ribosomal genes (in grey) for the potential that RAP1 regulates its member genes in species 
diverging from a given branch b, and TBF1 regulates the ancestral species. (B) TBF1 in lineage & 
RAP1 in ancestral species: This plot compares the rewiring score distribution of the background 
(in white) and that of ribosomal genes (in grey) for the potential that TBF1 regulates its member 
genes in species diverging from a given branch b, and RAP1 regulates the ancestral species. (C) 





Figure 2-4. Rewiring scores of other known rewiring events across branches. See Figure 2-
3 legend for details. (A) Galactose regulon rewiring scores for GAL4 in lineage & CPH1 in 
ancestral species. (B) Glucose metabolism regulon (subset) rewiring scores for GCR1 in lineage 
& GAL4 in ancestral species. 
 
Identifying candidate TFs for known rewiring events 
Next, we searched the literature for processes that are reported to be under 
distinct regulatory controls in S. cerevisiae and C. albicans, but for which specific 
regulators have not been implicated, and assessed whether our probabilistic 
method can help identify potential regulators in these cases. 
Stress response. Zinc finger TFs MSN2/4 bind to highly similar motifs and are the 
primary regulators of response to a variety of stresses (nutritional, oxidative, etc.) 
in Scer. Here, MSN2 elicits a complex response to stress, whereby different 
cohorts of target genes respond differently, resulting in either gene expression 




to play a role in stress response in Calb; the disruption of Ca-MSN2/4 had no 
tangible effect on the resistance of the species to heat, oxidative, and osmotic 
stresses (Nicholls et al. 2004). Consistent with the rewiring of stress response 
regulators in the two species, we found that the regulon involved in oxidative 
stress response shows strong signals for regulatory rewiring of MSN2/MSN4 
regulating these genes in Scer to being regulated by FKH2 in Calb. Specifically, 
Figure 2-5A compares the rewiring score distribution of the background (over all 
genes) against that of stress response genes for the potential that MSN2/4 
regulates the genes in species diverging from a given branch b, and FKH2 
regulates the ancestral species. Here, we see significant positive shifts in 
rewiring scores of the regulon in branch #19 (Fig. 2-5A; FDR < 0.01), and 
significant negative shifts for the complementary scenario akin to previous cases 
(Supplemental Fig. A-5A; FDR < 0.01). Although short of a direct experimental 
validation, our finding is supported by a prior study showing that Ca-FKH2 
mutants in C. albicans resulted in increased transcript levels of genes involved in 
stress response (Bensen et al. 2002). 
Metabolism. Retrograde (RTG) signaling, triggered by lack of glutamine, 
modulates carbohydrate and nitrogen metabolism through nuclear accumulation 
of the heterodimeric transcription factors, RTG1/3 (Giannattasio et al. 2005). This 
accumulation and subsequent binding to metabolic gene targets allows cells to 
maintain synthesis of α-ketoglutarate, which is a precursor to glutamate and 
glutamine (Crespo and Powers 2002) (the latter is a preferred nitrogen source in 




has been shown that deletion of TF RTG1 in Scer causes glutamate and 
aspartate auxotrophies, yet deletion of its ortholog in Calb does not result in the 
same phenotype (Homann et al. 2009). 
Our results indicate that the promoters of some of the genes involved in 
carbohydrate metabolism (glycolysis regulon, as well as a subset of genes 
involved in glucose metabolism) display an aggregate loss of RTG1 binding sites 
in Calb, and a concomitant gain of binding sites for Ca-GCN4 and Ca-UME6 
respectively, thereby potentially rewiring their regulation (Fig. 2-5B,C). Figure 2-
5B compares the rewiring score distribution of the background (over all genes) 
against that of glycolysis genes for the potential that RTG1 regulates the genes 
in species diverging from a given branch b, and GCN4 regulates the ancestral 
species. The plot depicts positive shifts at branches separating Scer and Calb 
into distinct clades (FDR < 0.05). Supplemental Figure A-5B shows the 
complementary scenario with corresponding negative shifts (FDR < 0.05). Figure 
2-5C (FDR < 0.05) and Supplemental Figure A-5C (FDR < 0.05) show 
qualitatively similar trends to Figure 2-5B and Supplemental Figure A-5B 
respectively for the RTG1-UME6 rewiring event in glucose metabolism genes, 
and is consistent with the rewiring between the two TFs. These regulatory 
changes potentially result in Calb evolving alternate responses to the lack of 
glutamine, or to the lack of intermediates essential for amino acid synthesis to 
prevent starvation. GCN4 is known to be involved in amino acid starvation 
responses that include (i) amino-acid biosynthesis, (ii) increasing expression of 




(Hinnebusch 2005). Similarly, UME6 in Calb is part of a signaling cascade that 
regulates autophagy (Bartholomew et al. 2012) and is also involved in regulating 
hyphal (filamentous) growth (Banerjee and Thompson 2008), a phenotype better 
suited for nutrient scavenging. 
Note: Graphical illustrations of the binding site profile of rewiring TFs for all 
significant events described in the above two sections are shown in 
Supplemental Figure A-6. For conciseness, we only show TFBS profiles for 
regulons in Scer and Calb for each rewiring event. 
 
Figure 2-5. Rewiring scores of predicted rewiring events across branches. See Figure 2-3 
legend for details. (A) Oxidative stress response regulon rewiring scores for MSN2 in lineage & 
FKH2 in ancestral species. (B) Glycolysis regulon rewiring scores for RTG1 in lineage & UME6 in 
ancestral species. (C) Glucose metabolism regulon (subset) rewiring scores for RTG1 in lineage 
& GCN4 in ancestral species. 
  
Rewiring events are strongly supported by co-expression between the 
regulator and targets 




confounded by (i) low constitutive expression of many TFs and (ii) regulatory 
mechanisms including post-translational modifications, co-factors etc., in general, 
expression of TF genes and their target genes are expected to be correlated 
across different environments to some extent (Basso et al. 2005). We assessed if 
such correlated expression patterns are apparent among the 5353 detected 
rewiring events. Specifically, we tested if the expression of the predicted 
regulator of a regulon correlates with the expression of the regulon’s component 
genes in a species-specific fashion (using expression data in Scer and Calb from 
(Ihmels et al. 2005)). For instance, in the case of RP regulon rewiring, we 
assessed whether RAP1 is co-expressed with the RP regulon genes in S. 
cerevisiae, but not in C. albicans, and whether the converse was true for TBF1?  
For each significant rewiring event at the regulon level (say between TF X and 
TF Y in regulon R), we carried out the following analysis. We collected 4 different 
sets of Spearman correlations between, viz. (1) TF X and R genes in Scer, (2) TF 
Y and R genes in Calb, (3) TF Y and R genes in Scer, and (4) TF X and R in 
Calb. Out of 5353 events, complete expression correlation data for all 4 sets was 
available for 3030 cases. Since the detected rewiring events predict which 
regulator is being used by which species, we simply calculated the number of 
cases in which the set of correlations between the TF predicted in a given 
species and the target genes are significantly greater (Wilcoxon p-val ≤ 0.05) 
than those for the TF not being used in the species. We required this condition to 
be satisfied in both Scer and Calb. We found that in 493 of the 3030 cases, the 




which is strong evidence in light of the null expectation (16% vs. 0.25%; 65-fold 
enrichment). In fact, most of this enrichment is localized to rewiring events 
specific to the WGD branch (32% vs. 0.25% at WGD branch #11).  
In case of RP genes the degree of co-expression in Scer of RAP1 and TBF1 with 
the RP genes (Fig. 2-6A) were comparable (Wilcoxon p-val = 0.53). However, in 
Calb the co-expression between TBF1 and RP genes was significantly higher 
than that of RAP1 and RP genes (Wilcoxon p-val < 1e-07). In case of glucose 
metabolism, co-expression of GCR1 as well as GAL4 with the glucose 
metabolism genes (Fig. 2-6B) is consistent with the direction of TF rewiring in 
Scer (Wilcoxon p-val < 1e-06); this could not be tested in Calb due to the 
absence of an annotated GCR1 homolog. Finally, in case of the galactose 
regulon, absence of sufficient co-expression datapoints for GAL4 and STE12 (or 
CPH1) (due to small regulon size, comprising of 3 genes) limits the analysis. 
In case of oxidative stress response genes, we observe co-expression support 
(Fig. 2-6C) for the implicated TFs (MSN2/4 and FKH2) only in Scer (Wilcoxon p-
val = 0.03), but not in Calb (Wilcoxon p-val = 0.22; although co-expression 
median of “True Regulator-Regulon” > “Replaced Regulator-Regulon” in Calb). 
On the other hand, co-expression of regulator and targets in retrograde response 
is as follows: (1) For genes involved in glycolysis (Fig. 2-6D), we observe strong 
co-expression support for the implicated factors (RTG1 and UME6) in Scer 
(Wilcoxon p-val < 1e-05) as well as Calb (Wilcoxon p-val < 2e-04). (2) For a 
subset of genes involved in glucose metabolism (Fig. 2-6E), we observe strong 




(Wilcoxon p-val < 0.01), but not in Scer. Further it can be seen from Figure 2-6 
that even when the co-expression between replaced regulator and regulon genes 
is relatively low, the co-expression of the replaced regulator with all genes is still 
high. This suggests that the differences in co-expression levels of true and 
replaced regulators with their putative gene targets across species, is not simply 
due to an overall reduced expression of the replaced regulator in a given 
species, and in most cases the opted-out regulator still functions to regulate 
genes involved in other processes. For example, although CPH1 (or its homolog 
STE12 in Scer) does not regulate galactose metabolism genes in Scer anymore, 
it is still involved in regulating genes involved in mating type determination. 
Thus, although co-expression of TFs and targets consistent with the direction of 
rewiring in the member species is not a necessary condition for rewiring (as 
illustrated for RP genes), we observe strong overall support for target regulation 
in a species-specific fashion. Interestingly, as mentioned above, this support is 
the highest for rewiring events occurring at a branch associated with WGD 
(branch #11); WGD is linked with higher degrees of expression and protein 





Figure 2-6. Co-expression analyses for regulon rewiring events. In each panel from A-F, we 
compare the TF-to-Target expression correlations on Y axis for the candidate regulator (e.g., 
RAP1 in Scer) and the replaced regulator (e.g., TBF1 in Scer) on X axis. The distribution of 
correlations with regulon gene targets is shown in grey, while that with all genes (comprising the 
background) is shown in white. The facets in each panel represent individual species (Scer and 
Calb).(A) Ribosomal genes regulon (RAP1-TBF1). (B) Glucose metabolism regulon (GCR1-
GAL4). (C) Oxidative stress regulon (MSN2-FKH2). (D) Glycolysis regulon (RTG1/3-UME6). 
(E) Glucose metabolism regulon (RTG1/3-GCN4). 
 
Functional connections between rewiring TFs and their properties. 
Next, we investigated the functional characteristics of rewired TF pairs that might 
have enabled or facilitated rewiring. It is plausible that aspects such as protein 
domain similarities, an increased propensity for physical interaction, coordinated 




in common biological processes/pathways could individually or synergistically 
facilitate rewiring between the two TFs. For example, RAP1, like TBF1 is a Myb 
family protein (Bhattacharya and Warner 2008) and has similar GC-rich binding 
specificities (Weirauch and Hughes 2010); this could have predisposed RAP1 to 
acquire the competency for RP regulation. We assessed the extent to which 
these different features are enriched among rewiring TFs.  
Physical interaction potential: First, we compared the propensity for physical 
interaction between rewired TFs relative to randomly selected TFs. We used PPI 
annotations from BioGRID database (Chatr-Aryamontri et al. 2015) for proteins 
known to physically interact in S. cerevisiae and binned TF pairs in a 2x2 
contingency table based on whether or not they interact and whether or not they 
rewire. Based on a Fisher’s test, we did not observe a greater propensity for 
direct interaction between rewiring TF pairs (Fig. 2-7A; Odds-ratio = 1.02; 
Fisher’s pval = 0.93). We obtained qualitatively similar results using PPI 
annotations from STRING database (Franceschini et al. 2013) (see 
Supplemental Fig. A-7). While such direct interaction potential between rewiring 
TFs is absent, it has previously been suggested that if members of rewiring TFs 
can bind and co-localize with a common co-factor to cooperatively regulate a 
target(s), then a series of small successive changes in the component 
interactions comprising such combinatorial control could ultimately result in a 
regulatory handoff between rewiring TFs across evolutionary time (Tuch et al. 
2008). For example, the cis-element rewiring between RAP1 and TBF1 in RP 




factor that they interact with (a heterodimer containing IFH1 and FHL). 
Specifically, correlated with the transition to the RAP1-regulated circuit in Scer, 
the Sc-IFH1 acquired a RAP1 interaction domain (Mallick and Whiteway 2013) 
that is not present in the Ca-IFH1 protein. To assess this possibility, we tested (1) 
if rewired TF pairs possess a common interacting TF more often than other TF 
pairs, and (2) if the commonly interacting TF is more likely to bind to the target 
gene’s promoter when compared to other promoters. While the first test only 
shows mild support (although, not statistically significant) for the expected trend 
(Fig. 2-7B; Odds-ratio = 1.2; Fisher’s p-val = 0.112), the second test showed a 
highly significant trend (Fig. 2-7C; Odds-ratio = 14.1; Fisher’s p-val = 1e-04). 
Overall this suggests that cooperative binding of rewiring TFs to a common factor 
is perhaps one of the potential mechanisms facilitating regulatory rewiring. 
Structural Similarity: Second, we gathered the structural family annotations of the 
TFs (Pfam; (Finn et al. 2014)), and tested if rewired TF pairs belong to the same 
family more or less often than background. We observed that the rewired TFs in 
fact belong to the same TF family less often than the random non-rewired TF 
pairs (Fig. 2-7D; Odds-ratio = 0.67; Fisher’s p-val = 0.001). Although the reasons 
for depletion of co-family TFs amongst rewiring TF pairs is not entirely clear, we 
suspect it may partly be due to functional divergence of paralogous genes, 
consistent with our other results showing a greater functional similarity between 
the rewired TFs. 
Common Pathways: Third, we hypothesized that the co-option by a group of 




TFs are already functioning in the same pathways. Based on KEGG pathway 
annotations we assessed if TFs implicated in the same pathway are more likely 
to rewire than those involved in different pathways. TFs annotations in KEGG 
were limited to cell cycle, signaling pathways and meiosis, which substantially 
reduced the number of pairs we could test. Nevertheless, we observed greater 
likelihood for TFs of common pathways to rewire than that expected by random 
chance (Fig. 2-7E; Odds-ratio = 3.4; Fisher’s p-val = 0.001). 
Regulatory Hierarchy: Previous studies of the effects of network rewiring events 
(insertion or deletion of connections) in a broadly constructed regulatory 
hierarchy of transcriptional factors in yeast suggest that rewiring affecting upper 
levels of such a hierarchy are much less tolerated and result in cell proliferation 
and survival defects, when compared to those affecting lower levels of the 
hierarchy (Bhardwaj et al. 2010). Also, these upper-level regulators were found to 
exhibit fewer functionally redundant copies across species. In light of these 
characteristics, we expect that the TFs in the upper level of the hierarchy should 
be less prone to rewiring. Using data on regulator hierarchy across 90 
transcription factors (Bhardwaj et al. 2010), we indeed observe that there is 
significant depletion of rewiring events involving TFs belonging to the highest 
level of regulation when compared to lower and middle level TFs (Fig. 2-7F; 
Odds-ratio = 1.67; Fisher’s p-val = 0.004). 
Common Upstream Regulator: Next, we assessed the possibility that member 
TFs of a rewired TF pair are regulated by a common upstream regulator (UpR), 




ancestral species has enabled rewiring of the two factors. In general however, 
this UpR may not be directly regulating either of the rewired TFs, but may instead 
exist further upstream in the regulatory network, at a point from which two 
alternative paths leading to the two rewired TFs originate. This possibility can be 
tested using species-specific TF-TF regulatory networks and checking if the two 
rewired TFs lead up to a common upstream regulator in their respective species-
specific networks. We generated TF-TF regulatory networks for Scer and Calb 
independently (see Methods). Next, for every TF pair, we checked if the 
members of the pair link to a common UpR in their respective species, such that 
the sum of the shortest path lengths to that UpR is smaller than that expected by 
random chance (i.e., shortest path length to common UpR for random TF pairs). 
We use shortest path length from the TF pair to the UpR as a proxy for the 
presence or absence of the UpR, i.e., the smaller the metric is, the greater the 
chance that the common UpR exists. Similar to the analyses above, we binned 
TF pairs into whether or not they are close to a common UpR and whether or not 
they rewire across species (2X2 contingency table). Using a Fisher’s test, we 
conclude that rewired TF pairs do in fact possess a common UpR, more often 
than random TF pairs (Fig. 2-7G; Odds-ratio = 1.28; Fisher’s p-val = 1e-04). To 
remove possible confounding effects in the computation of shortest paths due to 
widely connected master regulators, we removed the top 5% TFs with the 
greatest degree before computing shortest path between nodes. This however 
does not affect our conclusion (see Supplemental Fig. A-8). This notion of a 




2009) that recovered MSN2 and FKH2 in a TF-TF interaction pathway (in 
oxidative stress conditions) that they generated by combining ChIP-chip, motif 
binding sites, nucleosome occupancy and mRNA expression datasets in a 
probabilistic framework. Similarly, they recovered RTG1/3 and GCN4 from a 
network generated for amino-acid starvation (AAS) conditions. 
Taken together, our results suggest that regulon rewiring under conserved target 
expression is limited to the lower level TFs in a given pathway, such that they 
might not necessarily interact with each other, but are be implicated in the same 
process/pathway in a broader context. 
 
Figure 2-7. Functional analyses of rewired TFs in regulons. Each panel represents Fisher test 
of a specific hypothesis. In each case rewired TF-pairs and all other TF pairs are binned into two 
classes based on a given functional criteria (except panel C, where the bins are regulon genes 
and all other genes), and compared using Fisher’s exact test. (A) Direct physical interaction: 
Based on BioGRID database, the plot shows the fraction of TF-pairs that do (light-grey) and do 
not (dark-grey) physically interact. (B) Physical interaction with a common cofactor TF: Based on 
BioGRID database, the plot shows the fraction of TF-pairs that do (light-grey) and do not (dark-
grey) possess a common cofactor TF. (C) Cofactor binding at target regulons: This plot shows the 
fraction of cofactor TFs that do (light-grey) and do not (dark-grey) bind strongly at gene promoters 
(>= 0.75, vs. < 0.75 binding scores).  (D) Structural similarity: This plot shows the fraction of TF-
pairs that do (light-grey) and do not (dark-grey) belong to same structural family. (E) Common 
KEGG pathways: This plot shows the fraction of TF-pairs that do (light-grey) and do not (dark-




that do (light-grey) and do not (dark-grey) belongs to lowest and middle hierarchies. (G) Common 
upstream regulator: This plot shows the fraction of TF-pairs whose distance to a common 
upstream regulator is ≤ 4 (light-grey) or > 4 (dark-grey). 
 
Gene-level assessment of rewiring using rotation test 
The application of the rewiring score function to each orthogroup and TF-pair 
triplet across 6 different evolutionary lineages resulted in ~650 million individual 
rewiring scores (~110 million per branch). Thus, a major challenge was to devise 
a stringent control to assess significance of each individual rewiring score. 
Therefore, we employed a rotation test (Langsrud 2005) based FDR approach 
whereby a background distribution of rewiring scores using controlled 
permutations of TF binding probabilities across species is generated, and 
compared to the distribution of observed rewiring scores to get a FDR for each 
datapoint in the set. We expect binding probabilities for a TF at an orthogene in 
sister species to be very similar due to expected sequence similarity. Traditional 
permutation of these binding probabilities would sample from each variable 
(binding probability in a given species) independently, despite the fact that there 
is an inherent constraint in the range of values each variable can adopt due to 
their mutual relationship, thus leading to overestimation of significance. The 
controlled permutation method called rotation test essentially has the effect of 
permuting the binding probabilities of a given TF across species while preserving 
the inherent phylogenetic relationships between species to simulate neutral 
evolution. 
This is essentially equivalent to sampling from binding probabilities across 




constraints of phylogeny; we derive this co-variance matrix from the 
concatenated binding probabilities for all TFs at all gene loci in each species, 
which serves as a suitable proxy for phylogeny. Thus, binding probabilities for 
each TF across 23 species were permuted as above, and the “rotated” binding 
probability profiles of each TF were subsequently used to compute background 
rewiring scores. The details of the rotation test are provided in M&M. We 
estimated the False Discovery Rate (FDR) of every rewiring score. The 
background generation and FDR calculation was done independently for each of 
the 6 lineages mentioned above. At 0.1 FDR we identify 1446 significant gene-
level rewiring. Although the total number of detected events is much smaller 
compared to regulon-level rewiring (which is expected due to our use of a highly 
stringent control), most of these are along branches #19 and #20 (Fig. 2-1B) that 
best separate C. albicans from S. cerevisiae, consistent with our results from 
regulon-level findings. 
Similar to regulon rewiring events, we assessed whether the expression 
correlation between the TF (say X) and the predicted target in a species is higher 
than that for replaced TF (say Y) and the same target. To this end, using the 
entire set of predicted (X,Y,g) events, we collected 4 sets of pooled correlations 
between: (i) X and g in Scer, (ii)  Y and g in Scer, (iii)  X and g in Calb, (iv) Y and 
g in Calb across all branches. As shown in Figure 2-8, rewiring events are 
strongly supported by co-expression as in the case of regulon-level rewiring 
(Wilcoxon p-val in Scer = 1e-05, Wilcoxon p-val in Calb = 1e-03). Most of the co-




observe for regulon rewiring (see Supplemental Fig. A-9). 
 
Figure 2-8. Rewiring at the individual gene level. Species-specific TF-target co-expression 
analysis: In each panel, the predicted TF-target expression distribution is shown for the TF 
predicted to be active in a species (grey) and for the TF predicted not be active in the species 
(white); the distribution is based on pooled correlations across all significant rewiring events. 
 
Next, we investigated functional characteristics of rewired TF pairs represented 
in individual gene rewiring events (Fig. 2-9). Akin to our regulon-level analyses, 
we found that the rewired TF pairs, (1) do not necessarily interact physically with 
each other (Fig. 2-9A; Odds-ratio = 1.09; Fisher’s p-val = 0.9) but yet, show mild 
potential (although, not statistically significant) for direct interaction with a 
common co-factor (Fig. 2-9B; Odds-ratio = 1.2, Fisher’s p-val = 0.2) that co-
operatively regulates its target genes (Fig. 2-9C; Odds-ratio = 16.1, Fisher’s p-




ratio = 0.77; Fisher’s p-val = 0.001), (3) are enriched in common pathways, 
although to a lesser extent than rewired TFs in regulons (Fig. 2-9E; Odds-ratio = 
2.15; Fisher’s p-val = 0.01), and (4) are enriched in TFs belonging to the lower or 
middle hierarchies (Fig. 2-9F; Odds-ratio = 2.02; Fisher’s p-val = 0.001). 
However, interestingly, we observed that TF pairs found to rewire in the context 
of regulating individual genes are ‘less’ likely to possess a common upstream 
regulator than random expectation (Fig. 2-9G; Odds-ratio = 0.8; Fisher’s p-val < 
0.01). This difference between TFs regulating genes with conserved expression 
patterns (i.e., at the regulon level), and TFs regulating genes with possibly 
divergent downstream expression (at the gene level) across species, could be an 
important distinguishing property of the mechanism of rewiring that leads to these 
alternate scenarios. To test this, we divided the detected gene level targets into 
groups with conserved and diverged expression patterns, and assessed the 
potential of rewired TFs in each group to possess a common UpR (see 
Supplemental Fig. A-10). We found that while TFs regulating genes with 
conserved expression patterns showed no trend (Fisher’s p-val = 0.24), TFs 
regulating genes with divergent expression patterns were indeed less likely to 
possess a common UpR than expectation (Fisher’s p-val < 0.03). Note that since 
this analysis was carried out on few high-confidence conserved and diverged 






Figure 2-9. Functional analyses of rewired TFs in individual genes. See Figure 2-7 legend for 
details. 
Discussion 
Prior studies have characterized a few cases of regulatory rewiring of specific 
genes/gene-sets in great depth (Martchenko et al. 2007; Lavoie et al. 2010; 
Hogues et al. 2008). These previous works provide important insights into 
aspects of rewiring. For example, Mallick and Whiteway (Mallick and Whiteway 
2013) showed how regulatory connections local to rewired TFs can change to 
preserve gene target expression patterns (for example, recruitment of IFH1-FHL1 
to ribosomal gene targets is maintained in both systems). Yet, there are several 
aspects of regulatory rewiring that are poorly understood. For instance, (i) how 
widespread is a wholesale shift in transcriptional regulation of a regulon?, (ii) 
what are the features of target genes that make them amenable to rewiring?, (iii) 
what characterizes rewired TFs, etc. By gathering more candidate rewiring 




questions and gain further insights into conditions conducive to rewiring, as well 
as enable discovery of clade/species-specific instances of regulatory innovation. 
A genome-wide screen for TF rewiring has not been reported thus far. Here, we 
present the first scalable probabilistic approach to detect rewiring. Its application 
to 23 yeast species has successfully recapitulated known rewiring events (in 
ribosomal genes, sugar metabolism genes, etc.), and also has generated specific 
testable hypotheses of rewiring in many genes, as well as regulons. 
Similar to previous related work (Habib et al. 2012; Roy et al. 2013), ours is 
based on estimated TF binding probabilities and not in vivo binding. This is not a 
limitation of the approach but that of the availability of functional binding 
information such as ChIP-seq across 100+ TFs or high resolution DNAse 
footprinting in all 23 species of yeast. Further, reliance on such experimental data 
is limited due to their condition-specificity, that an in silico approach avoids (Roy 
et al. 2013). On the other hand, there are strong arguments for using 
experimentally derived data when available, as in silico motif-based prediction of 
cis-regulation can be noisy. We attempted to reduce the noise by using 
experimentally measured nucleosome occupancy data (Tsankov et al. 2010, 
2011) from 13 yeast species to gather additional support for functional binding. 
We have described this analysis in the legend of Supplemental Figure A-11, 
which suggests that incorporating nucleosome occupancy is not likely to improve 
the sensitivity of our approach. This is generally expected due to a poor 
association between nucleosome free regions (NFRs) and TF binding in yeast; 




10-20 out 158 TFs contribute to inducing NFRs and that nucleosome positioning 
in mainly determined by intrinsic sequence. Another study by Thompson et al. 
(Thompson et al. 2013) showed that TF binding sites are depleted from NFRs in 
most post-WGD species. Thus in our assessment, integrating nucleosome 
occupancy data in our analyses decreases statistical power without necessarily 
decreasing noise. Additionally, the presence of several high quality PWM motif 
matches for a certain TF in a gene promoter would increase the confidence in the 
corresponding TF-gene regulation. As shown in Supplemental Figure A-12, we 
found that amongst the detected rewiring events, regulons possess a significantly 
higher number of motif hits for their true regulator compared to those for the 
replaced regulator across all species, thus providing support for our approach. 
Our rewiring score is based on the partition of the species on a defined lineage, 
and utilizes the binding probabilities in all extant species. Although our 
significance assessment does control for the phylogeny, in principle, the inherent 
phylogenetic relationships between species would be better exploited if ancestral 
sequences could be inferred at various internal nodes of the tree and rewiring 
score were computed based on the inferred ancestral sequences. However, 
ancestral sequence reconstruction (ASR) (for which we used FastML from 
Ashkenazy et al. 2012) relies critically on the quality of multiple sequence 
alignment (MSA), which is a major concern because the promoters of extant 
yeast orthologs are highly diverged with a potentially large amount of binding site 
turnover. We therefore first assessed the quality of the MSA, generated using 




from multiple progressive and iterative methods) and PRANK ((Löytynoja and 
Goldman 2008); a phylogeny aware method for sequence alignment). We found 
that, as suspected, the length of the ancestral sequence produced by both 
methods were on average twice the length of the longest individual promoter 
(see Supplemental Fig. A-13), suggesting a very poor alignment with several 
gaps. Further, an information content calculation based on posterior probabilities 
of nucleotides at each position of the resulting ancestral sequences revealed that 
on average the information content is ~0.3 (Min=0, Max=2), which is extremely 
low and inappropriate for ASR, thus ruling out the suitability of ASR approach to 
assess rewiring.  
We observe many more cases of rewiring at the regulon level, as opposed to the 
gene level, while in reality one would expect the opposite. There are at least two 
possible reasons for this outcome. The first has to do with an extremely stringent 
control imposed by the rotation test in gene-level testing, as discussed further in 
the Methods section. The second potential reason is increased statistical power 
in regulon-level testing, i.e., even if the individual gene rewiring events are not 
strongly evidenced by loss/gain of TF sites as supported by all species (relative 
to a stringent rotation test), it is easier to detect them when they occur in multiple 
functionally related genes of a regulon (such as in RP genes). Further, these 
regulon-level events spanning rewiring at multiple gene loci are likely to have 
gone through a gradual switch in regulation across species. For instance, some 
RP genes in Sklu, Cgla and Kwal contain strong binding sites for both RAP1 and 




gene-level analysis, despite retaining a rather strong signal for rewiring at the 
regulon-level (Fig. 2-3).  
In the extreme case, rewiring posits that in any species all genes of a regulon will 
be regulated by exactly one of the two TFs in question. However, in reality, a 
gradual evolutionary transition in the regulation of a regulon’s member genes is 
expected. Such transitionary stage is characterized by an ancestral species 
where the regulon genes are bound by both TFs without a clear winner. 
Moreover, such transitionary stage may be maintained in some of the extant 
species. To assess the extent of such transitionary species, for each regulon 
detected to have undergone rewiring, we estimated the fraction of species (out of 
23) that display an intermediate level of rewiring.  For a rewiring event involving 
TFs X and Y, we defined a species to be transitionary if the fraction of gene 
promoters (in the particular regulon) more likely to be bound by X than by Y is 
between 0.4 and 0.6, i.e., not extreme. We found that, on average across all 
detected events, ~8 species (of 23) can be considered transitionary, i.e., with 
regulons potentially regulated by both TFs.    
In summary, our probabilistic approach, while recapitulating the well-established 
cases, implicates specific regulators involved in suspected cases of rewiring, for 
which the implied regulators are not known. A genome-wide unbiased screen 
suggests that evolutionary cis-regulatory rewiring is relatively frequent and may 
be a significant mechanism of introducing regulatory innovations and adaptations 
to changing environments. The detected rewiring events are well-supported by 




function in similar biological processes, are generally controlled by a common 
upstream regulator, and in general occupy lower levels in regulatory hierarchy.  
Materials and Methods 
Gene orthology groups, annotations and sequences  
An orthogroup comprises of orthologs across a set of species. Gene orthogroup 
assignments for all predicted protein-coding genes across 23 Ascomycete fungal 
genomes were obtained from the Fungal Orthogroups Repository (Wapinski et al. 
2007b) maintained by the Broad Institute (broadinstitute.org/regev/orthogroups). 
For our analysis, we only considered the 3844 orthogroups (Wapinski et al. 
2007a) that had mappable orthologs across at least 14 or more species as a 
compromise between number of genes included and loss of power due to 
information across fewer species. The genome sequences and gene annotations 
were obtained from a variety of databases and studies summarized in “Data 
Sources” at the above link. Gene promoter sequences were defined as 600 
bases upstream of ATG and truncated when neighboring ORFs overlapped with 
this region (also obtained from (Wapinski et al. 2007b)). All promoters of length < 
50 were excluded. Mean and standard deviation of lengths of retained promoters 
were 472.5 bps and 164.2 bps. 
Probabilistic rewiring score 
We demonstrate here a toy example of the framework used in this analysis. The 
sample tree in Figure 2-1A shows four species (s1,s2,s3,s4) partitioned at a 




(s1, s2 Є S) and 2 species (s3, s4 Є T) in the right clade. Gene locus g 
represents the orthologous group of genes across all the four species 
(g1,g2,g3,g4 Є G) that hypothetically exhibits differential usage of regulating 
transcription factors X and Y, where X is used by species in the left clade and Y 
is used by species in the right clade, and not vice-versa. 
The function that tests if transcription factor Y is predominantly used by genes in 
T, but was replaced by transcription factor X in the S in a lineage specific manner 
is as follows: 
 
where terms of the form P(TF, gene, species) represent the computed probability 
of a TF binding to gene’s promoter in the species (see below). The denominators 
in the RHS of both equations represent the size of the left and right clades 
respectively. 
Generalizing the same, we get, 
 
where Lb and Rb denote the sizes of the left and right clades resulting from a 




PWM based TF binding probability 
A list of 176 positional weight matrices (PWMs) for S. cerevisiae TFs was 
obtained from TRANSFAC (Matys et al. 2006). A single PWM may map to one or 
more TFs, and vice-versa. To compute the probability of a TF binding to a gene’s 
promoter in a given species, i.e., P(TF,gene.species), we scan the gene’s 
promoter using PWMSCAN (Levy and Hannenhalli 2002) which  provides a p-
value for each putative site based on a species specific background of sequence 
composition. We note the lowest p-value obtained in the promoter and transform 
that into a promoter-wide probability score based on a previously used approach 
(Chen et al. 2007) as: 
P(TF, gene, species)  = (1 - pval)(L-w+1) where L is the length of the promoter, w is 
the length of the motif. 
In (rare) cases where an orthogroup included multiple genes (paralogs) for the 
same species, we used the average binding probability for all such genes to 
obtain a species-specific binding probability for the orthogroup. Additionally, for 
orthogroups missing a gene in a given species, we imputed the value of 
P(TF,gene.species) by averaging the binding probabilities of all sibling species 
with detectable orthologs. This essentially has the effect of deriving binding 
potential from related species, when it cannot be directly estimated by binding 
scores, thereby providing a suitable proxy. 
Species tree and selected lineages to assess rewiring 
The species tree showing the relationships between 23 related Ascomycota fungi 




lineages (partitions) in the phylogeny. The 6 branches were chosen (highlighted 
in bold in Fig. 2-1B) such that the resulting partitions reflect some clade-specific 
differences in the biology of these species, viz., sensu-stricto vs non sensu-
stricto (branch #7), pre-WGD vs. post-WGD (branch #11), mostly pathogenic vs. 
mostly non-pathogenic species (branch #20), etc. 
Expression data 
Expression profiles of Scer comprised of data for 6206 genes across 1011 
conditions, and Calb comprised of data for 6167 genes across 198 conditions 
(Ihmels et al. 2005). Tab-delimited text files containing the log2 ratios are 
obtained from weizmann.ac.il/home/barkai/Rewiring. 
Regulon discovery 
We used expression data in Scer and Calb to identify conserved regulons – a set 
of genes with similar function that are coordinately expressed both within and 
across these two species. These two species have diverged sometime between 
160 and 800 million years, representing a long evolutionary time. Starting from 
1982 manually curated functionally related groups of genes (Field et al. 2009), 
we generated coexpression networks for each group in Scer and for its mappable 
orthologous genes in Calb. The nodes in the network are the component genes 
and edge weights between them are |ρ|, where ρ represents the Spearman 
correlation between the expression vectors of those genes. The individual 
networks in the two species were then merged; such that each merged network 
consist of nodes representing conserved orthologs and the edge weights are the 




unit of edge weight is a proxy for a combined measure of distance based on 
conserved co-expression (i.e., lesser the distance between nodes, the more 
likely they are to have conserved co-expression in both species).  
Next, each network was subjected to unsupervised clustering to isolate dense 
subgraphs that are representative of regulons, as per the above definition. We 
used MCL, a Markov Cluster Algorithm (van Dongen and Abreu-Goodger 2012) 
to identify these subnetworks using a setting of medium granularity in resolving 
clusters (‘-I 2’ option). Since these algorithms are not robust to large graphs with 
too many edges (despite using edge weights), we removed those edges with low 
combined measures of co-expression (<= 0.06). This cutoff provides a 
reasonably good proxy that preserves edges reflecting high correlation, while 
cutting out the noise significantly (see Supplemental Fig. A-14A). The application 
of MCL resulted in several subgraphs of functionally related genes with high co-
expression (regulons). We excluded regulons that were larger than 100 genes, 
as well those with 6 or fewer genes (except the galactose regulon), thus 
identifying 1713 regulons. While some overlap of genes across regulons of 
different functional processes is expected, it is relatively small (mean Jaccard 
index = 0.003) to be of any concern (see Supplemental Fig. A-14B). 
Note: For cases where a given species possessed multiple genes belonging to 
the same orthologous group, the expression profiles of the member genes were 
averaged before computing pairwise correlations with other ortholog groups 




Generation of species-specific TF-TF networks 
We used PWMSCAN (Levy and Hannenhalli 2002) to scan the promoter 
sequences of TF-encoding genes in Scer and Calb. For all hits detected with a 
motif-match score of 0.95 (using a species-specific background of nucleotide 
composition), we assigned a directional edge between the corresponding TF 
pairs. Using the igraph package (Csárdi and Nepusz 2006) in R, we generated a 
species-specific network using data from the above, which was then used to 
compute shortest paths between pairs of TFs in a species-specific fashion. 
Phylogeny-preserving rotation test to assess significance of rewiring score 
at gene-level 
The overall aim of the rotation test is to enable sampling of related variables from 
a null distribution such that inherent co-variance structure, i.e., the relationships 
between variables (TF-binding probability profile across species in our case) is 
preserved (Langsrud 2005). We first derive the species-by-species (23x23) co-
variance matrix ∑ based on concatenated binding probabilities for all TFs at all 
gene loci in each species (estimating co-variance matrix for each TF separately 
does not influence the overall results). Next, for each TF, we obtain the 23-
dimensional vector µ of TF-specific mean binding probabilities of all orthogroups 
in each of the 23 species. Finally, for a TF, given TF-specific vector µ and the 
general co-variance matrix ∑, we randomly sample from a multivariate normal 
distribution (x ~ N(µ, ∑)), which is analogous to sampling from the matrix of the 
TF’s binding probabilities in all 3844 orthogroups across all 23 species, while 




the co-variance matrix directly captures the relationship of TF binding 
probabilities across species (as required by the rotation test).  
Upon generating these rotated TF binding probabilities for the same number of 
synthetic orthologous loci (and inverting these distributions back to the probability 
scale of (0,1)), we applied the rewiring score function to generate a background 
distribution of rewiring scores. This enabled computation of an FDR value for 
every observed rewiring score, as summarized for different thresholds in 
Supplemental Figure A-15. 
Although in principle, co-variance matrix derived from the known phylogeny of 
the 23 species should be similar to the one based on all TF binding probabilities, 
we found that a phylogeny inferred from TF binding probabilities differs from the 
known species phylogeny (see Supplemental Fig. A-16). This suggests that 
evolution of TF binding probability does not strictly follow the neutral expectation. 
Thus, by directly controlling for overall TF binding probability relationships, our 
criteria for detecting gene-level rewiring should be considered highly stringent. 
Nucleosome occupancy data 
Genome-wide nucleosome occupancy data for 12 species, viz., K. waltii, S. 
bayanus, S. cerevisiae, Y. lipolytica, D. hansenii, C. albicans, C. glabrata, S. 
castellii, S. paradoxus, K. lactis, S. mikatae and S. kluyveri was obtained from 
GSE22211 (Tsankov et al. 2010); and for S. pombe from GSE28839 (Tsankov et 






CHAPTER 3: Distal CpG islands can serve as alternative 




DNA methylation at the promoter of a gene is presumed to render it silent, yet, a 
sizable fraction of genes with methylated proximal-promoters exhibit elevated 
expression. Here, we show, through extensive analysis of the methylome and 
transcriptome in 34 tissues, that in many such cases, transcription is initiated by 
a distal upstream CpG island (CGI) located several kilobases away that functions 
as an alternative promoter. Specifically, such genes are expressed precisely 
when the neighboring CGI remains unmethylated, but remain silenced otherwise. 
Based on CAGE and PolII localization data, we found strong evidence of 
transcription initiation at the upstream CGI and a lack thereof at the methylated 
proximal promoter itself. Consistent with their alternative promoter activity, CGI-
initiated transcripts are associated with signals of stable elongation and splicing 
that extend into the gene body, as evidenced by tissue-specific RNA-seq and 
other DNA-encoded splice signals. Furthermore, based on both inter and intra-
species analyses, such CGIs were found to be under greater purifying selection 
relative to CGIs upstream of silenced genes. Overall, our study describes a 
hitherto unreported conserved mechanism of transcription of genes with 
methylated proximal promoters in a tissue-specific fashion. Importantly, this 
phenomenon explains the aberrant expression patterns of some cancer driver 




methylation at proximal promoters. 
Introduction 
In mammalian DNA, cytosines within CpG dinucleotides are heavily methylated 
throughout the genome, yet there are several discrete “islands” that contain a 
high frequency of unmethylated CpG sites. These are called CpG islands (CGI), 
and their identification has long been considered important in the annotation of 
functional landmarks within the genome. Historically, CGIs served as landing 
strips to locate annotated genes (Larsen et al. 1992), and it was for good reason 
as it was later discovered that 55-60% of all genes contain CGIs at their 
annotated promoters. While about half of all CGIs in the genome coincide with 
gene promoters, the remaining half are either intragenic or intergenic and were 
termed “orphan CGIs” due to their remote location that suggested the uncertainty 
over their biological significance (Deaton and Bird 2011). 
Does there exist evidence to support the idea that orphan CGIs are involved in 
gene regulation? Indeed, several specific examples, showing promoter activity at 
orphan CGIs were uncovered in the context of critical functions like imprinting 
and development (Deaton et al. 2011). For example, a CGI in intron 10 of the 
imprinted Kcnq1 gene (Mancini-DiNardo et al. 2003) promotes the initiation of a 
noncoding transcript (Kcnq1ot1) required for the imprinting of several genes at 
this locus. Tissue-specific alternative promoter activity was detected at another 
orphan CGI that promotes a specific isoform of the Rapgef4 gene (Hoivik et al. 




like characteristics and are sites of transcription initiation (Illingworth et al. 2010). 
Additionally, most of the conserved methylation differences between tissues 
occurred at orphan CGIs (Illingworth and Bird 2009), suggesting that they are 
tightly regulated. A recent study that derived CGI annotations from experimental 
methylation data (eCGIs) also showed that promoter-distal eCGIs exhibited the 
most tissue-specific methylation patterns, and were linked to the tissue-specific 
production of alternative transcripts (Mendizabal and Yi 2016). In fact, studies 
profiling CpG methylation patterns have identified differentially methylated 
regions (DMRs) even in the shores of CpG islands (Pollard et al. 2009). These 
regions of lower CpG density in close proximity (up to 2 kb) to CGIs, whose 
differential methylation patterns are strongly related to gene expression, are 
highly conserved and have distinct tissue-specific methylation patterns (Irizarry et 
al. 2009a). Thus, over time, CG-dense genomic loci (viz., CGIs and their shores) 
have been realized to be increasingly important in many functional contexts, 
whose immense regulatory potential outside of annotated promoters is only 
beginning to be understood. 
Typically, methylation at a gene’s promoter renders it silent (Han et al. 2011) by 
modifying DNA accessibility to the transcriptional machinery (Suzuki and Bird 
2008), or by recruiting factors that aid in generating a refractory chromatin 
conformation unsuitable for transcription (Kouzarides 2007). While several prior 
studies (Suzuki and Bird 2008; van Eijk et al. 2012; Deaton and Bird 2011; Smith 
et al. 2012; Sproul et al. 2011) have observed strongly negative correlations 




relationships between the two (Wagner et al. 2014; Wan et al. 2015; Shilpa et al. 
2014; Martino and Saffery 2015), including a lack thereof. Additionally, there are 
several instances of genes in cancer cells, wherein abnormal expression is 
persistent despite widespread promoter hypermethylation (Guillaumet-Adkins et 
al. 2014; Moarii et al. 2015; Van Vlodrop et al. 2011). These collectively indicate 
that additional factors controlling expression of genes with methylated promoters 
have not been identified. Furthermore, due to the long standing interest in CGI-
promoter genes, most of this knowledge is based on analysis of CGI-promoters 
(Jones 2012), and the details of the role of methylation in controlling non-CGI 
transcription start sites (TSSs) have largely been overlooked. 
This lack of consensus prompted us to explore the global transcriptional 
landscape of methylated-promoter genes. We found that substantial numbers of 
methylated-promoter genes (~1500 in each of 34 tissues) are expressed at high 
levels; such promoters are predominantly non-CGI, which is consistent with 
prevailing knowledge on the rarity of methylation at CGI promoters (Illingworth et 
al. 2010; Brandeis et al. 1994; Lienert et al. 2011). While the expression of many 
such genes can be attributed to the use of alternate gene body promoters, as 
has been shown in some normal and cancer cells (Nagarajan et al. 2014; 
Maunakea et al. 2010), we estimate that the high levels of expression realized by 
almost 50% of all methylated-promoter genes remain completely unexplained 
(see Results). 
Here we show, through detailed analyses across 34 primary tissues and cell 




utilize an upstream, hitherto unknown, CpG island as an alternative promoter to 
express their gene product. Our results strongly support this previously 
unreported general regulatory mechanism, which may play a role in promoting 
aberrant transcription of driver genes in cancer cells. 
Results 
Highly expressed genes with methylated promoters 
We obtained RNA-seq expression and whole genome bisulfite sequencing 
(WGBS) methylation data for 30 primary tissues and 4 cell lines from the 
Roadmap Epigenomics Project (Bernstein et al. 2010) and other sources (Lay et 
al. 2015; Ziller et al. 2013; Djebali et al. 2012; Menafra et al. 2014) (Table 3-1). 
Henceforth, we will refer to these 34 samples simply as ‘tissue types’. In a given 
tissue type, there exists, on average about 9000 genes whose primary promoters 
are maintained in a heavily methylated state (see Methods). Although 
methylation at a gene’s promoter is expected to render it silent, we observed that 
~1500 of such genes exhibited high levels of expression. We then excluded 
genes whose expression could be explained by alternative gene body promoter 
activity (see Methods), and this resulted in 700 genes in each tissue whose 
expression remains unexplained. To specifically assess the involvement of the 
closest upstream CGI in the expression of these genes, we restricted 
downstream analysis to only those genes that did not have another gene 
annotated (including non-coding RNAs) in the genomic region between the 




to intervening transcriptional activity. We further verified that this subset of genes 
was not enriched for any specific biological function or expression status 
compared to the set of all methylated-promoter genes (Supplemental Fig. B-1). 
These filters resulted in a set of ~3200 methylated-promoter genes (down from 
~9000 overall) out of which ~440 (down from ~1500) are highly expressed per 
tissue. The number of genes at various filtering stages across tissues are 
provided in Table 3-2. Additionally, methylated-promoter gene names and their 
methylation status across tissues are listed in Supplemental Table B-1. 
 
 







Table 3-2. The number of genes before (blue) and after applying a filtration step (green) that 
discards all loci that contain a neighboring gene spanning the region between them and their 
associated upstream CGIs in all 34 tissue types. Columns B and F correspond to all promoter-
methylated genes. Columns C and G correspond to those that are highly expressed (greater than 
50th percentile) in B and F respectively. Columns D and H correspond to those whose expression 
cannot be explained by alternative gene-body   promoter activity in C and G respectively. 
 
In all 34 tissues, we find that a vast majority (~90%) of these genes do not 
contain CpG islands in their promoters, which is significant enrichment relative to 
a 30% expectation of non-CGI promoter genes genome-wide (Saxonov et al. 
2006). This result agrees with prevailing knowledge on the rarity of methylated 
CGIs at the promoters of annotated genes (which is only ~ 3% overall (Illingworth 
et al. 2010)), as well as the lower propensity of CGI promoters to be de novo 
methylated compared to non-CGI promoters (Brandeis et al. 1994; Lienert et al. 




quantitative index of tissue-specificity (TSI (Yanai et al. 2005); see Methods) as 
well as Gene Ontology (GO) enrichment. Supplemental Fig. B-2 shows that the 
median TSI of expressed methylated-promoter genes is significantly greater 
compared to that of all genes (10-4 < Wilcoxon signed-rank test P < 0.05 in 33/34 
tissues showing significant trend). We also present overrepresented functional 
terms based on GO enrichment in each tissue in Supplemental Fig. B-3. These 
findings are in line with existing knowledge that a majority of widely expressed 
genes use CpG island promoters, while most tissue-specific genes have neither 
CpG islands nor TATA-boxes (Zhu et al. 2008; Larsen et al. 1992) in their 
promoters. 
Association of distal CGI with methylated-promoter gene expression 
Across the set of all methylated-promoter genes in a given tissue, we asked if the 
methylation status of the closest upstream CGI was informative of its expression. 
Specifically, we categorized these genes into two sets, (i) expressed (MethExp) 
and, (ii) not expressed (MethNotExp) genes (see Methods), and compared the 
proportion of methylated distal CGIs in each case. As shown in Fig. 3-1A, we 
observe a strong negative relationship between CGI methylation and the 
corresponding gene’s expression (1.25 < Odds ratio < 1.75, 10-10 < Fisher’s 
exact test P < 0.01 in 26/34 tissue types showing significant trend). We further 
found that CGIs associated with MethExp genes tend to have significantly lower 
methylation than those associated with MethNotExp genes (Fig. 3-1B; 10-13 < 
Wilcoxon P < 0.02 in 32/34 tissues showing significant trend). Therefore, we 




associated with the epigenetic status of the distal upstream CGIs.  
On average, CGIs upstream of MethExp genes are located at a distance of 10 
kb, and interestingly are several fold closer to their associated genes than those 
upstream of MethNotExp genes (Fig. 3-1C; 10-13 < Wilcoxon P < 10-4 in 33/34 
tissues showing significant trend). While such proximity might not be a pre-
requisite for intergenic CpG islands to act as alternative promoters to transcribe 
genes with silenced primary promoters, it does seem likely that it would be a 
preferred configuration.  
Finally, the CGIs associated with MethExp genes are evolutionarily much more 
conserved than those associated with MethNotExp genes, both between species 
(using phastCons scores (Siepel et al. 2005) based on an alignment of 46 
vertebrates; Fig. 3-1D, 10-4 < Wilcoxon P < 0.05 in 27/34 tissues) and within 
species (using average derived allele frequencies (DAF) across humans, see 
Methods; Fig. 3-1E, 10-7 < Wilcoxon P < 0.05 in 20/34 tissues). Additionally, from 
annotations of syntenic blocks between human and 8 related vertebrate species 
(see Methods), we assessed the extent to which shared synteny between a 
methylated-promoter gene and its upstream CGI was informed by the expression 
status of the gene, using a logistic regression framework that controlled for the 
genomic distance between them. We found that MethExp genes and their 
upstream CGIs are more often in the same syntenic block than CGIs upstream of 
all other genes (Fig. 3-1F; 10-3 > p-value attached to co-efficient of expression 
status > 10-6 in all 6/8 comparisons). Interestingly, this holds true only in the 6 




suggests that MethExp associated CGIs were only recently co-opted, close to the 
base of mammalian divergence, to function as alternative promoters. Thus, 
higher purifying selection acting specifically on MethExp-CGIs that are also in 
synteny with their associated genes is indicative of their functional role, in this 
case, as a regulatory element (promoter) facilitating transcription of the 
downstream gene. 
We further hypothesized that the tissue-specific usage of CGIs as alternative 
promoters may be regulated by cell type-specific transcription factors (TFs). To 
test this, for every CGI showing evidence of alternative promoter activity in some 
cell type, we identified the high confidence TF binding sites (see Methods) in 
those CGIs, and tested if TFs corresponding to these sites show a preference to 
be expressed in cell types where the CGI was active versus not. Consistent with 
expectations, a large fraction of these CGIs (~40% vs. a 5% random null 







Figure 3-1. Association of distal CGI with the expression of MethExp genes. (A) Odds ratio 
and 95% confidence interval (CI) (Y-axis) of the proportion of unmethylated CGIs upstream to 
MethExp genes versus MethNotExp genes in 34 tissue types (X-axis). A depletion of methylation 
at CGIs upstream of MethExp genes corresponds to a higher odds ratio. (B)-(E) compare various 




viz., (B) fractional methylation level, (C) genomic distance to gene, (D) phastCons scores, and (E) 
derived allele frequencies (DAF).  The median and the 95% CI (X-axes) are shown for 34 tissue 
types (Y-axes). (F) Phylogenetic tree of the 8 vertebrate species used in determining the extent of 
shared synteny with human amongst methylated-promoter genes. The association between CGI-
gene synteny and whether the gene is MethExp or MethNotExp was assessed via regression, 
while controlling for genomic distance between CGI and the gene. The significance of the 
association (p-value) is shown on each branch corresponding to the species used to estimate 
synteny with respect to human. Statistically significant associations (P < 0.05) are annotated with 
an asterisk in all plots. 
 
Transcription initiation occurs at distal CGI, and not the promoter of 
MethExp genes 
Our previous observation of lower methylation and increased conservation at 
CGIs upstream of MethExp genes is only suggestive of their potential to function 
as alternative promoters to transcribe them. Here, we explicitly test for 
transcriptional initiation at these CGIs using two different experimental measures. 
First, we used single molecule Cap Analysis of Gene Expression (CAGE) data 
from the FANTOM Consortium (The FANTOM Consortium and the RIKEN PMI 
and CLST (DGT) 2014), available for 15 tissue types. The CAGE assay produces 
a snapshot of the 5′ end of the messenger RNA population in a biological 
sample, which provides a direct quantitative measure of initiation rate at a given 
locus. Thus, in a tissue-specific fashion, we quantified the transcription initiation 
signal (number of CAGE tags) at the promoters as well as the associated CGIs of 
three groups of genes, (i) MethExp, (ii) MethNotExp, as well as (iii) expressed 
genes with methylation-free promoters (NotMethExp). This third group serves as 
a baseline for the amount of initiation expected at similarly expressed gene loci. 
Since expression level is related to the intensity of initiation signal, we ensured 




NotMethExp genes were comparable. Fig. 3-2A and B show the distribution of 
CAGE levels at the promoters as well as the associated CGIs of MethExp, 
MethNotExp and NotMethExp genes pooled across all tissues, respectively. In 
the case of promoters, we observe that the number of CAGE tags is quite low at 
MethExp genes, and importantly, is several fold lesser than that at similarly 
expressed NotMethExp genes (Wilcoxon P = 10-6). Further, the complete lack of 
CAGE tags at MethNotExp genes is consistent with the fact that these genes 
aren’t expressed at all. Next, we contrast the transcription initiation signal at 
upstream CGIs associated with the three gene groups. It is known that most, 
perhaps all, CGIs are sites of transcription initiation, and it is owing to this 
property that about 50% of them are adapted for promoter function and coincide 
with the TSS of annotated genes (Deaton and Bird 2011). Consistent with this 
expectation, CGIs from all gene groups show substantial CAGE tag levels. 
Considering that CGIs associated with MethNotExp genes do not contribute to 
the expression of those genes, the CAGE level at these CGIs may serve as a 
baseline expectation for orphan CGIs. Then, interestingly, we observe that the 
CAGE at CGIs associated with MethExp genes is significantly greater than this 
baseline (Wilcoxon P = 10-4). In fact, MethExp-associated CGIs collectively 
exhibit somewhat greater transcriptional activity (CAGE) than even the 
NotMethExp-associated CGIs (Wilcoxon P = 0.04). Low coverage of CAGE tags 
at orphan CGIs limits our ability to statistically substantiate comparisons between 
groups at the per-tissue resolution, but the promoter and CGI CAGE trends we 




12/15 tissues respectively, (see Supplemental Fig. B-4) and therefore does not 
affect our conclusion. 
The second measure we used for the quantification of initiation corresponds to a 
signal associated with serine-5-phosphorylated RNA Polymerase II (PolII-Ser5). 
Specifically, the initiating form of Pol-II is phosphorylated at Ser5, and as 
elongation of the mRNA molecule occurs, the enzyme gradually loses Ser5-P, 
and gains Ser2-P (Phatnani and Greenleaf 2006; Jonkers and Lis 2015). To this 
end, we used Ser5-P Pol-II chromatin immunoprecipation sequencing (ChIP-seq) 
data in MCF-7 cell line (based on data availability) to quantify transcriptional 
initiation at the promoters (Fig. 3-2C) and upstream CGIs (Fig. 3-2D) of the three 
gene groups. The trends are highly consistent with those obtained from CAGE. 
Specifically, initiation signal at the promoters of MethExp genes is much lower 
than NotMethExp genes (Wilcoxon P < 10-5) that are expressed at comparable 
levels. Also, consistently, CGIs at MethExp have higher Ser5-P signals than 
MethNotExp genes (Wilcoxon P < 10-5) as well as NotMethExp (albeit not 
yielding statistical significance; Wilcoxon P = 0.15), suggesting that specifically 
for MethExp genes, the upstream CGI may serve as an alternative, hitherto 
undetected, promoter. 
In light of the above observations, it is also possible that distal CGIs associated 
with MethExp genes are in fact their true primary promoters that were 
misannotated, likely due to the narrow expression breadth (i.e., tissue specificity) 
of MethExp genes. To distinguish between the alternative scenarios of promoter 




carried out two specific analyses. First, we performed a locus-specific cross-
tissue comparison of CAGE tags at the annotated promoters of MethExp genes 
when they are categorized as MethExp, MethNotExp and NotMethExp across 
different tissues (Fig. 3-2E). If our observations were simply due to 
misannotation, then specifically for these select group of genes whose promoters 
become methylated in some tissue, we expect to see a ubiquitous lack of 
transcription initiation at their annotated promoters across all other tissues, 
regardless of their methylation status. Instead, we find that the CAGE tags at the 
annotated promoters of these select genes when they are unmethylated is very 
high (NotMethExp >> MethExp or MethNotExp; Wilcoxon P < 10-3 in both cases), 
supporting the idea that MethExp-associated CGIs serve only as alternative 
promoters, and not the primary ones. Further, a similar locus-specific cross-
tissue comparison of CAGE tags at distal CGIs (Fig. 3-2F) showed that CGIs 
have higher CAGE tags in tissues where their associated genes are MethExp 
compared with tissues where they are MethNotExp (Wilcoxon P = 0.008). 
However, MethExp and NotMethExp groups do not show a significant difference 
in CAGE levels at the distal CGI, suggesting that transcriptional activity at distal 
CGIs in these instances is generally unlinked with promoter activity. In addition, 
we also observe that the promoter methylation levels are starkly different when 





Figure 3-2. Transcription initiation occurs at an upstream alternative CGI promoter, and 
not at the proximal promoters of MethExp genes. The evidence of transcriptional initiation 
based on CAGE tag intensity (log-transformed Y-axis) is contrasted for three gene groups, 
MethExp (pink), MethNotExp (green) and NotMethExp (blue) at (A) the proximal-promoter, and 
(B) the distal CGI (X-axis). (C) and (D) are analogous to (A) and (B), respectively, for observed 
levels of transcription initiation based on Ser5-PolII ChIP-seq intensity. For the pan-tissue pooled 
set of MethExp genes, the plot shows the CAGE signal (Y-axis) at the (E) promoter and (F) the 




NotMethExp (green) and NotMethNotExp (grey) in other tissues (X-axis). 
 
Next, we assessed the effect of loss of methylation on the relative activity of the 
annotated promoter of MethExp genes. This analysis is however limited by the 
availability of data in human. We therefore analysed MethExp genes in mouse 
embryonic stem cells with (WT; wild type cells) and without DNA methyl 
transferase activity (DNMT TKO; DNMT triple knockout cells). Using RNA-seq 
and WGBS methylation data in WT cells, we identified all high-confidence (about 
103) MethExp genes using the same protocol as that for tissue types in human. 
After verifying that they exhibit the same broad features of CGI alternative 
promoter use as the MethExp genes in human tissue types (Supplemental Fig. 
B-6), we analyzed their promoter usage patterns in DNMT TKO cells. We 
hypothesized that if the distal CGI was the only promoter of these genes, then 
removing methylation at the annotated promoters should not lead to a change in 
their activity status. Unlike CAGE, RNA-seq does not allow for direct 
quantification of transcription initiation at these annotated promoters. Therefore, 
in DNMT TKO cells, we contrasted the mean read density observed upstream of 
the annotated TSS (TSS-200 bp) to that observed downstream of it (TSS+200 
bp), relative to the same in WT, for every gene identified as MethExp in WT. We 
see that 68 out of 103 MethExp genes show an increase in mean read density 
(normalized by the corresponding densities in WT) downstream of the annotated 
TSS (Fisher’s P = 0.02), hinting at a potential switch from usage of distal CGIs to 
the annotated promoters in these cases. Note that in the absence of data in 




ascertain that the increased numbers of reads downstream of the TSS in DNMT 
TKO cells are from transcripts originating at the annotated TSS; this result 
therefore must be considered with caution. However, taken together, we 
conclude that our overall observations are not simply a reflection of erroneous 
promoter annotation. 
As an additional layer of evidence for transcriptional activity, we quantified the 
repressive histone modifications (H3K9me3 and H3K27me3) at the promoters of 
MethExp, MethNotExp and NotMethExp genes (Supplemental Fig. B-7). 
Consistent with other observed features of active transcription, we find that both 
of these marks are significantly higher at MethExp then NotMethExp promoters 
(H3K9me3: 10-69 < Wicoxon P < 10-5 in 22/32 tissues, H3K27me3: 10-113 < 
Wilcoxon P < 10-3 in 19/32 tissues). Further, given that distal CGIs can display 
transcriptional activity similar to promoters, it is likely that they also harbor 
histone modifications reflective of their activity status. To this end, we contrasted 
the ChIP-seq signal of two active (H3K4me3, H3K9ac) and two repressive 
(H3K27me3, H3K9me3) histone modifications at CGIs associated with MethExp, 
MethNotExp and NotMethExp genes (Supplemental Fig. B-8). In addition, we 
also compared the DNase hypersensitivity signal to assess the extent of 
chromatin accessibility (also reflective of transcriptional activity) at these CGIs. 
The tests for histone marks were performed for different numbers of tissues as 
per data availability. Broadly, we observe that active marks are significantly 
greater in MethExp-CGIs compared to both MethNotExp- (DNase: 10-14 < 




tissues, H3K9ac: 10-17 < Wilcoxon P < 10-5 in 10/10 tissues) and NotMethExp-
CGIs (DNase: 10-3 < Wilcoxon P < 0.05 in 8/12 tissues, H3K4me3: 10-3 < 
Wilcoxon P < 0.05 in 23/32 tissues, H3K9ac: 10-6 < Wilcoxon P < 0.05 in 8/10 
tissues). In the case of repressive marks, while we broadly observe that they are 
significantly lower in MethExp-CGIs than MethNotExp- (H3K27me3: 10-9 < 
Wilcoxon P < 0.05 in 18/32 tissues, H3K9me3: 10-8 < Wilcoxon P < 0.05 in 30/32 
tissues) and NotMethExp-CGIs (H3K27me3: 10-3 < Wilcoxon P < 0.05 in 18/32 
tissues, H3K9me3: 10-3 < Wilcoxon P < 0.05 in 21/32 tissues), the differences in 
these levels are not as pronounced or widespread across tissues as for the 
active marks. This is consistent with the idea that active repression of an orphan 
CGI when the locus is not acting as an alternative promoter probably occurs less 
often, and that these in general tend to prevail as open, accessible actively 
transcribing entities across the genome.  
Evidence of transcriptional elongation and splicing occurring between 
distal CGIs and their associated MethExp gene promoters.  
The emerging trend of strong transcription initiation at distal CGIs that are 
associated with the expression of downstream MethExp genes, further 
accompanied by a total lack of transcription initiation at proximal promoters 
motivated us to probe further for evidence of bona fide promoter action at the 
CGIs, which we describe in four complimentary analyses that follow. It is known 
that any transcriptional activity ensuing from intergenic regulatory elements (i.e., 
true orphan CGIs and enhancers) that are not immediately proximal to coding or 




molecules (Andersson et al. 2014; De Santa et al. 2010). But if indeed MethExp-
associated CGIs function as promoters, they are expected to exhibit sustained 
transcriptional activity and elongation along the entire stretch of the intervening 
genomic region between the CGI and the downstream gene (henceforth referred 
to as the “segment”). While the presence of coding or non-coding genic elements 
in the segment region can bias quantitative measures of elongation, as 
mentioned earlier, this complication was pre-empted by excluding any such 
genes from our analyses (see Methods).  
To this effect, first, we binned the segment region corresponding to MethExp, 
MethNotExp and NotMethExp genes into 10 equal-sized bins, and quantified in 
each bin, three parameters that inform the extent of transcriptional activity, as 
well as elongation: 1) RNA-seq signal strength (RPKM), 2) RNA-seq signal 
coverage (fraction of nucleotides supported by a read), and 3) H3K36me3 ChIP-
seq signal (histone mark associated with the gene bodies of actively transcribed 
genes (Hon et al. 2009)). As can be seen in Fig. 3-3A, 3-3B and 3-3C, the 
segment region corresponding to MethExp genes show significantly greater 
evidence for transcriptional activity and elongation, than those for MethNotExp 
and NotMethExp genes (10-102 < Wilcoxon P < 10-5) in all tissues (with the 
exception of H3K36me3 wherein 31/33 and 29/33 tissues show significant trends 
respectively). We present in the main text only the pooled distribution across all 
segment bins for each of the above, but the trends remain qualitatively similar in 
each assessed bin (Supplemental Fig. B-9). These results are consistent with our 




produce long RNA molecules extending into the body of the downstream gene.  
As PolII-Ser2 is also a marker of transcriptional elongation, we analyzed the 
PolII-Ser2 signal in the segment region of MethExp, MethNotExp and 
NotMethExp genes in MCF-7 cells (Supplemental Fig. B-10). While the effect 
size of the trend (greater elongation in MethExp-segment regions compared with 
other groups) using PolII-Ser2 is not as strong as when using RNA-seq and 
H3K36me3 data, MethExp-segments do show significantly greater elongation 
signals compared to MethNotExp (Wilcoxon P < 10-3).  
Second, paired-end (PE) RNA-seq reads whose pairs are split across the 
segment and the downstream annotated gene region would provide a more 
direct indication for transcription initiating at upstream CGIs and extending into 
the body of MethExp genes. Such reads are not expected in the case of 
MethNotExp and NotMethExp genes, because in both cases, transcription 
initiates at the annotated primary promoter of these genes, and not their 
associated upstream CGI. As expected, the proposed evidence is much greater 
for MethExp genes relative to the other two classes (Fig. 3-3D; Wilcoxon P < 10-4 
in both cases).  
Third, it has been shown that transcripts that initiate from intergenic regulatory 
elements as well as those that remain unspliced terminate prematurely, and are 
rapidly cleared away from the cell due to their instability in the absence of splice 
signals (Almada et al. 2013; Ntini et al. 2013). Previous studies have showed that 
sequence motifs dictate the production of stable vs. unstable transcripts; 




suppress polyadenylation site (PAS) dependent termination, thereby promoting 
elongation of mRNAs (recently shown to be true in all transcript classes (Schwalb 
et al. 2016)). Core et al. (Core et al. 2014) used this in a Hidden Markov Model 
(HMM) and showed that U1 binding sites strongly tend to precede PAS on stable 
transcripts, but not on unstable transcripts. Thus we directly probed the order of 
occurrence of the above motifs in the sequence of the segment region to inform 
the stability of transcripts originating from the upstream CGIs associated with all 
genes. Each gene was deemed “stable” or “unstable” based on the order of the 
two motifs from the 5’ end of the segment. We then compared the fraction of 
stable transcripts between genes that are MethExp in at least one tissue to the 
rest of the genes using Fisher’s exact test. We found that the fraction of “stable” 
transcripts is significantly greater amongst MethExp genes than amongst other 
genes (Fig. 3-3E; Fisher’s P = 10-5), however the effect size is modest (Odds 
ratio=1.2). 
Finally, while it is not unrealistic for the region intervening the distal CGI and the 
gene TSS to possess long 5’ UTR (Un-Translated Regions; which in eukaryotes 
can be upto several kb long (Lodish 2008)), it is more likely that it is spliced out in 
the mature transcript. Therefore, we directly assessed splicing activity by 
assembling transcripts de novo from RNA-seq reads using STAR (Dobin et al. 
2013) and mapping splice junctions (see Methods). From the mapped junctions 
in each of 28 tissues (limited by raw read data availability), we quantified the 
number of MethExp, MethNotExp and NotMethExp genes that showed evidence 




(henceforth called a ‘split junction’). We found strong support for enrichment of 
split junctions in MethExp genes compared to both MethNotExp (8 < Odds Ratio 
< 340; 0 < Fisher’s P < 10-67) and NotMethExp (2 < Odds Ratio < 23; 10-5 < 
Fisher’s P < 10-40) genes in all 28 tissues (Fig. 3-3F). We illustrate one such 
example of GIGYF1, which is a MethExp gene in the Esophagus tissue (Fig. 3-
4). Alternative promoter activity of its associated upstream unmethylated CGI is 
apparent in this case, where ensuing transcripts that contain a long intron 
spanning the segment region is spliced out. 
Taken together, these results strongly suggest that CGIs associated with 
MethExp genes are bona fide promoters that produce transcripts that are stably 







Figure 3-3. Transcriptional elongation and splicing signals between CGI and the gene. (A) 
Median RNA-seq RPKM signal, (B) median RNA-seq coverage, and (C) median H3K36me3 




MethNotExp (red) and NotMethExp (green) genes across 34 tissue types (Y-axes). (D) The 
average number of paired-end RNA-seq reads (Y-axis) whose ends lie in both the segment 
region as well as the annotated gene, as seen across MethExp (yellow), MethNotExp (red) and 
NotMethExp (green) genes across all tissue types (X-axis). (E) The proportion of “stable” 
(orange) and “unstable” (dark-blue) transcripts (Y-axis), as determined from a sequence based 
predictor (U1-PAS motif order in segment region) in those genes that are MethExp in at least one 
tissue, versus other genes (Fisher’s P = 10-5). (F) Odds ratio and 95% CI (Y-axis) of the 
proportion of (i) MethExp versus MethNotExp genes, (cyan) and (ii) MethExp versus NotMethExp 
genes (pink) that show evidence of splice junctions between the segment region and annotated 
gene based on de novo transcript assembly across 24 tissue types (X-axis). An enrichment of 
such splice junctions in the segment region associated with MethExp genes corresponds to a 
higher odds ratio. Statistically significant associations (P < 0.05) are annotated with an asterisk in 
all plots, in a matched color scheme, wherever appropriate. In panels (A) through (C), this color 
corresponds to the color of the background gene group that MethExp genes are contrasted 
against, i.e., a red asterisk to represent significant difference between MethExp and MethNotExp, 




Figure 3-4. An illustrative example. Transcriptomic and epigenetic marks surrounding a gene 
(GIGFY1) that is expressed despite a hypermethylated promoter in the Esophagus tissue. As 
shown, the proximal promoter is highly methylated (red corresponds to high methylation, whereas 
green to low), and yet there is a large signal for expression as can be seen in the RNA-seq signal 
track. An upstream CGI (in pink) > 6 kb away is free of methylation, and transcription of the gene 
ensues at this locus extending into the body of the gene. These patterns suggest that (1) the 
longest transcript starts at the CGI as opposed to its annotated start site in Ensembl/GENCODE, 
(2) the first intron spans the segment region and extends into the body of the gene (in cyan), and 
(3) there is a large splice junction (loop in dark red) that is split between a region located inside 
the segment and an exon inside the annotated gene. 
 
Aberrant gene expression in cancer linked to hypomethylated distal CGIs. 
The aberrant DNA methylation landscape associated with cancer cells is 
considered to be a hallmark of the disease. Cancer is characterized by both 
global hypomethylation, as well as widespread promoter-associated 




2007), that lead to their silencing. We aimed to investigate the extent to which the 
usage of upstream CGIs as alternative promoters explains the aberrant gene 
expression patterns observed in cancer phenotypes. 
We obtained RNA-seq and Illumina methylation array (450K) data from The 
Cancer Genomic Atlas (TCGA) for 780 breast cancer (Koboldt et al. 2012) and 
315 renal cell carcinoma (Creighton et al. 2013) patients. Due to low coverage of 
450K methylation data, only ~3030 genes could be used for which methylation at 
both upstream CGI and promoter were available. Overall, there exist ~300 
(~10%) methylated-promoter genes in each cancer sample that are expressed at 
high levels (see Methods). Similar to normal cells, these are also mainly protein-
coding genes (85%) with mostly non-CGI promoters (90%). Given that 
hypermethylation in cancer is mainly targeted to CGI-promoters of genes (Sproul 
et al. 2012), one might expect to see a greater fraction of CGI-promoter genes in 
the MethExp group, but this was not the case. This strongly supports the idea 
that methylation at CGI-promoters is almost always accompanied by systematic 
silencing of that gene locus. 
We find that CGIs associated with MethExp genes in cancer cells exhibit very 
similar properties to those found in normal tissues. Relative to MethNotExp-
associated CGIs, MethExp-associated CGIs (i) have significantly lower 
methylation, (ii) are closer to their associated gene loci, and (iii) show 
significantly higher transcriptional activity and elongation (based on RNA-seq 
RPKM and read coverage measures) signals in the segment region. Fig. 3-5 




seen, the two gene groups are significantly different in all the above aspects (10-
60 < Wilcoxon P < 10-8 across all comparisons). Thus, the use of distal CGIs by 
non-CGI methylated-promoter genes as alternative promoters is a general 





Figure 3-5. Use of distal CGI as alternative promoter by MethExp genes in cancer. The 




MethExp genes in contrast to MethNotExp genes in (A) breast, and (B) kidney cancer. Each 
panel shows the distribution of the median (i) fractional methylation at upstream CGIs (top-left), 
(ii) genomic distance between distal CGI and gene (bottom-left), (iii) RNA-seq RPKM signal (top-
right), and (iv) RNA-seq coverage (bottom-right) at the segment region (Y-axes) corresponding to 
MethExp (yellow) vs. MethNotExp genes (red) across 100 representative samples (X-axes). 
 
Next, we mapped the functional landscape of MethExp genes in cancer. First, we 
focused specifically on those sets of genes whose promoters are 
hypermethylated in cancer, and that potentially rely on a distal CGI to express 
themselves. To this end, in a given cancer type, we identified genes whose 
promoters are hypermethylated in cancer (in >75% of the samples), and whose 
expression is associated with CGI methylation (Spearman’s ranked correlation P 
< 0.05) but not with proximal promoter’s methylation (Spearman’s P > 0.05). This 
resulted in 34 genes in breast, and 39 genes in kidney cancer (listed in Table 3-
3). GO terms associated with general phenotypes in cancer like cell growth, 
maintenance or adhesion (P < 0.05) are overrepresented in both cases. More 
interestingly, we found an enrichment of protein sequence features and domains 
(FDR < 0.05) associated with (i) EGF, EGF-like and palmitate among genes 
identified in breast (involved in breast cancer drug resistance (Masuda et al. 
2012; Liu et al. 2008); Fig. 3-6A), and (ii) calcium binding, FOX transcription 
factor family and alpha-actinins among genes identified in kidney cancer (key 
genes/pathways involved in decreased kidney function and cancer (Feng et al. 
2015; Linehan et al. 2010); Fig. 3-6B). This suggests that key genes involved in 






Table 3-3. List of hypermethylated-promoter genes in breast cancer that use distal CGIs as 





Next, we focused specifically on genes that are differentially expressed in cancer 
relative to their normal counterparts, potentially due to differential methylation of 
their upstream CGI (and not the primary promoter). To this end, we obtained 
matched normal samples for 80 of the breast cancer samples (normal and 
cancer tissue from the same individuals), and identified 208 genes that are 
differentially expressed between cancer and normal samples (Wilcoxon P < 0.05) 
and whose non-zero expression is associated with CGI methylation (Spearman’s 
P < 0.05) but not with proximal promoter’s methylation (Spearman’s P > 0.05). 
These genes are enriched (FDR < 0.05) for GO terms related to cell cycle, cell 
growth (tyrosine and MAPK kinase signaling) and cell-cell adhesion, which are 
implicated in cancer progression and metastasis (Fig. 3-6C). Many of these 
genes exhibit very high negative correlation between upstream CGI methylation 
status and gene expression across healthy and cancer samples (up to 
Spearman’s rho = -0.45). These include the YES1 Yamaguchi sarcoma viral 
oncogene (src tyrosine kinases family) whose paralog LYN is involved in 
mediating treatment resistance in breast cancer (Schwarz et al. 2014) and the 
GINS2 gene whose protein product interacts with CHEK2, a tumor suppressor 
gene linked to many cancers including breast (Rantala et al. 2010). An entire list 
of these genes is provided in Table 3-4. 
In summary, this previously unreported phenomenon whereby distal CGIs are 
utilized as alternative promoters by certain highly expressed genes with 
methylated proximal promoters is prevalent across several clinically important 

















Table 3-4.  A GO functional annotation of all methylated-promoter genes in breast cancer, that 
are differentially expressed from their normal counterparts across 80 matched samples, and 





Figure 3-6. Functional enrichment of MethExp genes in cancer that potentially utilize an 
upstream CGI as promoter. GO terms are shown on the Y-axis, along with their corresponding 
–log (adjusted P) significance measures on the X-axis. Solid black line at P = 0.05 represents the 




hypermethylated across samples, but whose expression across samples is correlated with the 
upstream CGI’s methylation and not that of the proximal promoter, in breast, and (B) kidney 
cancer. (C) Functional enrichment in genes whose differential expression between normal and 
breast cancer samples is correlated with the methylation status of the upstream CGIs and not 
with that of the proximal promoter. 
Discussion 
CpG islands were first discovered in mouse DNA in the 80s, in seminal work by 
Adrian Bird and others (Bird et al. 1985). Their unusually high frequency of CG 
dinucleotides (which are primary targets of DNA methylation in vertebrates), their 
virtually free-of-methylation disposition (in an otherwise globally methylated 
genome), as well as the fact that they surround the control regions of most genes 
led to their quick recognition as important regulatory elements. As a 
consequence, many of the studies that followed focused mainly on promoter 
proximal CGIs, which incidentally, also happen to inform much of our 
understanding of the role of methylation in controlling chromatin structure and 
gene expression across tissues (Jones 2012). However, it was found that 
promoter-distal CGIs, despite being remote from annotated TSSs were also 
capable of transcription initiation (promoter function) (Maunakea et al. 2010), and 
some of these sites were implicated in transcribing alternative tissue-specific 
isoforms (Hoivik et al. 2013) as intragenic alternative promoters, or non-coding 
transcripts involved in imprinting and other functions (Mancini-DiNardo et al. 
2003). Furthermore, it is the promoter-distal CGIs (orphan CGIs) that are more 
often differentially methylated, compared to promoter CGIs (Eckhardt et al. 
2006), implicating them in condition-specific regulation. Although, despite these 




significance is only just beginning to emerge. 
Here we report, a previously unknown phenomenon, whereby an intergenic 
orphan CGI can function as an alternative promoter to express the gene product 
of a nearby CpG-poor methylated-promoter gene. We found this to occur across 
hundreds of CpG-poor promoter genes that become methylated in a tissue-
specific fashion. In an effort to assess the prevalence of alternative promoter 
usage of CGI amongst the pool of MethExp genes, we quantified the broad 
features suggestive of alternative promoter usage, such as CGI methylation, CGI 
CAGE and RNAPolII-Ser5 (latter only in MCF-7), as well as segment RNA-seq 
signal and coverage, and computed the percentage of MethExp loci per tissue 
type that showed strong evidence of these based on stringent thresholds (see 
Table 3-5 for details). As shown, the fractions of loci with strong support for 
alterative promoter use are quite high for all of the above features across cell 
types. This suggests that the usage of upstream CGI as alternative promoters by 





Table 3-5. Fraction of tested MethExp loci per cell type that show strong evidence of alternative 
promoter usage based on stringent thresholds of: 1) CGI Fractional Methylation - to exclude CGIs 
that are heavily methylated and potentially silenced, we counted only those with methylation less 
than the mean methylation level of the intermediately methylated subpopulation identified from a 
3-component mixture model fit on the total distribution. 2) CGI CAGE tag level - using the 
benchmark for CAGE at truly silenced regions, we counted only those with CAGE greater than 
median CAGE level observed at MethNotExp (silenced) promoters. 3) PolII-Ser5 signal - only in 
MCF7; using the benchmark for CAGE at truly silenced regions, we counted only those with Ser5 
greater than median PolII-Ser5 signal observed at MethNotExp (silenced) promoters. 4) Segment 
RNAseq signal RPKM - to exclude loci showing elongation activity comparable to other open 
regions not showing CGI promoter use, we count only those cases with greater than median 
RNAseq signal in the segment regions of NotMethExp genes. 5) Segment RNAseq read 
coverage - to exclude loci showing elongation activity comparable to other open regions not 
showing CGI promoter use, we count only those cases with greater than median RNAseq read 
coverage in the segment regions of NotMethExp genes.      
      
While the link between CGIs and downstream gene expression can be construed 
as a mode of distal enhancer mediated regulation, instead of alternative promoter 
action, we did not find any support to sustain that notion. We found no 
enrichment of tissue-specific ChromHMM annotated enhancers in MethExp CGIs 




knowledge that enhancers are typically CpG-poor, and are depleted of CGIs 
(Illingworth et al. 2010; Kim et al. 2010). Further, in addition to observing an 
enrichment of splice junctions between CGIs and their corresponding MethExp 
genes, we find some evidence of sequence based predictors that support long, 
elongating, stable directional transcript production from MethExp associated 
CGIs. These findings are in conflict with an enhancer model, as it is well known 
that any transcriptional activity at active enhancers results in short, typically 
unstable, bidirectional RNA (eRNAs (Kim et al. 2010; De Santa et al. 2010)). 
Our findings caution against relying exclusively on proximal TSS platforms in 
determining the transcriptional outcome of a gene, and implores us to extend 
focus to alternative distal elements, especially upstream orphan CGIs as they 
possess a “promoter-like” configuration. Very recently, a study that mapped the 
processes underlying the evolution of stripped-down retrocopies (intronless and 
promoterless copies of reverse transcribed RNA inserted into the genome) into 
new bona fide functional genes discovered that only a marginal fraction (~11%) 
of these retrocopies piggybacked on existing promoters for their expression, 
while the majority (~86%) co-opted orphan CGIs and other proto-promoter 
elements (Carelli et al. 2016). Furthermore, as retrocopies emerged into fully 
functional genes, most (75%-93%) gained new exons from their upstream 
flanking sequences; and this overrepresentation of novel 5’ exons suggests that 
such a gain served to place them under the control of distal promoters, including 
orphan CGIs. 




choice of proximal versus distal promoter in the case of MethExp genes remain 
unclear. While we cannot exclude the possibility that through some hitherto 
unknown mechanism, the usage of CGI is actively influenced by the methylation 
of the proximal promoter, it is also possible that use of the alternative CGI 
promoter leads to transcriptional silencing of the proximal promoter, consistent 
with known patterns of high gene body methylation at highly transcribed regions 
(Laurent et al. 2010). However, our data and the results generally suggest that 
the usage of CGI occurs independent of the methylation status of the proximal 
promoter. First, the overall ability of distal CGIs to initiate transcription (evidenced 
by CAGE tags, for instance) seems largely independent of the methylation status 
of the proximal-promoter (Fig. 3-2B,3-2D,3-2F). Second, while active histone 
marks are consistently a lot higher at MethExp-CGIs than NotMethExp-CGIs (i.e. 
at loci that are actually used as alternative promoters versus those that are not), 
the difference in the levels of repressive marks between these groups is not as 
pronounced or consistent across tissue types (Supplemental Fig. B-8), 
suggesting that active repression of upstream CGIs occurs (if it does) 
independent of the methylation status of the proximal promoter. Thus, it most 
likely appears that a MethExp gene utilizes (or co-opts) an already active orphan 
CGI as an alternative promoter, analogous to the co-option of CGIs as promoters 
by promoter-less retrocopies of genes discussed above. 
It seems likely that MethExp-associated CGIs have been co-opted relatively 
recently (at a time close to the divergence of mammals from the vertebrates 




gene promoters that are more susceptible to silencing by methylation (namely, 
CpG-poor promoters) are associated more often with alternative promoter CGIs 
than CpG-rich promoters, and appear to “co-opt” their usage in specific contexts 
(as evidenced by locus-specific CAGE analyses). Second, methylated-promoter 
genes and their upstream CGI elements are more likely to have conserved 
synteny when they are expressed, and importantly, this tendency increases 
monotonically as more closely related species are used to ascertain the synteny, 
suggesting an evolutionary selection to keep the segment region intact. Finally, 
orphan CGIs have been shown to be co-opted by promoter-less genes in 
humans (viz., retrocopies) to transcribe their gene products, which together with 
our findings suggest that this is a general property of orphan CGIs. Thus, a more 
holistic view of the biological significance of CGIs is beginning to emerge in that 
they are ubiquitous substrates that are poised as transcriptional initiation sites, 
such that in a contextually favorable configuration (i.e., unmethylated and 
upstream of a stable RNA producing transcription elongation-enhancing element) 
can be selected for alternative promoter activity by a proximally located 
neighboring gene. 
Materials and Methods 
Datasets 
Expression: RNA-seq expression for 30 primary tissues and 4 ENCODE cell lines 
analyzed in this study were obtained from Release 9 of the Compendium 




release comprised of uniformly re-processed data for 111 consolidated 
epigenomes (Kundaje et al. 2015) (111 primary tissue types), wherein each 
sample from their original source underwent additional processing in an effort to 
reduce redundancy, improve quality control and achieve uniformity for integrative 
analysis. Raw read and processed data are publicly available and were both 
used in this study. 
Methylation: We limited our analyses to tissues with publicly-available WGBS 
data, that was also sourced from the consolidated epigenomes work. Methylation 
measures for every CpG dinucleotide was provided in the format of fractional 
methylation (Reads recording a methylated CpG / Total Reads). BED files with 
read depth and fractional methylation information are publicly available. 
Annotation: The specific version of hg19 genome annotation used in the 
consolidated epigenomes work cited above was GENCODE v10 (Harrow et al. 
2012) (corresponding to Ensembl v65), and has therefore been carried forward in 
all the analyses performed in this study to maintain consistency. Although, to 
verify that our results were robust with respect to the latest assembly of the 
human genome (GRCh38), we repeated few key analyses in one cell type using 
the GRCh38 gene annotations and the “lifted-over” RNA-seq and methylation 
data. We observed that the overall trends for differences in CGI methylation 
levels, genomic distance and transcriptional elongation signals between 
upstream CGI and gene between the MethExp vs. the MethNotExp categories 
are consistent between the two versions (Supplemental Fig. B-11). 




Browser. This track corresponds to a hierarchical HMM model based definition of 
CpG islands in hg19 (Wu et al. 2010; Irizarry et al. 2009b). 
Syntenic blocks: Precomputed syntenic blocks derived from whole genome 
sequence alignments between human (as the reference) and 6 mammalian 
species (chimpanzee, rhesus monkey, mouse, rat, dog and cow) as well as 2 
non-mammalian vertebrate species (chicken and zebrafish) were downloaded 
from CINTENY (Sinha and Meller 2007). 
CAGE: Single molecule CAGE profiles for 573 human primary cell samples (up 
to a median depth of 4 million mapped tags per sample) were generated by the 
FANTOM Consortium (The FANTOM Consortium and the RIKEN PMI and CLST 
(DGT) 2014). Out of the 34 tissues we analyzed, CAGE was available for 15 of 
them. This data is pre-processed to report the CAGE peaks associated with 
TSSs found genome-wide and are available as BED files. To determine the 
CAGE tag level in a given genomic region (for example, promoters or CGIs), we 
used the dominant TSS, or the TSS with the highest number of CAGE tags. 
Ser5P and Ser2P RNA Pol-II ChIP-seq: ChIP-seq assays targeted to Ser5 and 
Ser2 phosphorylated molecules of RNA Pol-II is currently limited to only 1 cell 
type used in our analyses. Fold-change signal data at base pair resolution was 
obtained from GEO accession GSE54693 (Menafra et al. 2014).  
Histone marks and DNase-seq: Processed data at base-pair resolution for 
several histone marks and DNase-seq (cleaving DNase hypersensitivity sites) is 
available from the consolidated epigenomes work cited above.  




methylation data for mouse wild-type and DNMT knockout embryonic stem cells 
were obtained from GEO accession number GSE67867  (Domcke et al. 2015). 
They mapped their data to the mm9 genome assembly version of mouse 
(NCBIM37), and made available read density and fractional methylation at base 
pair resolution. Whole genome sequence, CGI and gene annotation files 
corresponding to mm9 were downloaded from Ensembl and UCSC Genome 
Browser. 
Datasets used in cancer-related analyses: Data for 780 breast cancer samples, 
80 matched breast normal samples (matched to their corresponding cancer 
samples from the same individuals), and 315 renal (kidney) cell cancer samples 
from TCGA (Koboldt et al. 2012; Creighton et al. 2013) were downloaded using 
the CGHub Repository (Wilks et al. 2014). Data for each sample comprised of 
450K methylation arrays (reporting fractional methylation at select CpG probes) 
and RNA-seq expression (raw read file FASTQ and processed gene expression 
in RPKM). To obtain measures of transcriptional activity in the “segment” region 
(RPKM and read coverage), raw reads from each sample were aligned using 
STAR (Dobin et al. 2013) and further processed using the BEDTools suite of 
tools (Quinlan and Hall 2010). 
Primary processing of genes and pooling into gene groups  
The promoter of a gene was marked as methylated when the average fractional 
methylation level of all CpG dinucleotides lying within TSS±500 bp was greater 
than 0.55, and unmethylated when that value was less than 0.45. As vertebrate 




promoters (Elango and Yi 2008), we consider the above thresholds to be fairly 
stringent. Yet, to be certain that we indeed captured only the highly methylated 
class of promoters in our MethExp category of genes per cell type using the 
above threshold, we conduct the following sanity check. We fit a Bcomponent 
Gaussian mixture model to the overall distribution of promoter methylation levels 
per tissue type to distinguish three subpopulations corresponding to lowly, 
intermediate and highly methylated promoters (LMP, IMP, HMP), and then 
checked the fraction of MethExp promoters, selected based on the 
aforementioned threshold, belonging to HMP separately in each tissue type. We 
found that on average, ~97.6% of them belong to HMP (Supplemental Fig. B-12). 
Further, a gene was considered ‘expressed’ if its expression was in the top 50th 
percentile among all genes. The threshold adopted for expression is highly 
stringent and conservative since we wanted to focus on explaining the 
mechanisms adopted by highly expressed genes with methylated primary 
promoters. A gene was considered as not expressed when it had zero 
expression or its expression value was in the bottom 5th percentile among all 
genes. The above criteria were used to pool genes into three gene groups, 
MethExp, MethNotExp and NotMethExp, in each sample.  
The distal CGI associated with a given gene was defined as the closest upstream 
CGI annotated at a minimum distance from TSS-1500 bp. Most annotated CGIs 
are less than 1 kb long (~83%). Those longer than 1kb were truncated to 
centrepoint±500 bp for the computation of methylation levels. This did not affect 




before and after CGI truncation (Supplemental Fig. B-13). Additionally, we 
discarded from all three groups, every gene that contained another annotated 
gene between its TSS and upstream CGI element. This annotated gene could be 
an ambiguous ORF, or any non-coding RNA including lincRNAs, overlapping 
sense or antisense RNAs/genes, snRNA, tRNAs etc. annotated by GENCODE. 
This was done to ensure that there existed no biases from neighboring genes on 
our observations of intergenic transcriptional activity or neighboring epigenetic 
and chromatin signatures. 
Evidence of gene body alternative promoter usage 
To identify the fraction of MethExp genes that initiate transcription from a locus 
within the gene body distinct from its proximal promoter, we quantified the 
expression level of all exons within each gene. Then for each MethExp gene, if 
the expression level (RPKM) of the first exon was zero or in the bottom 5th 
percentile among all exons of all genes, then that gene was concluded to 
possess a silenced primary promoter with an active gene body alternative 
promoter.  
Tissue specificity index (TSI) 
The quantitative measure of TSI, is defined as: 
 
where N is the number of tissues and xi is the expression profile component 





Conservation of distal CpG islands was calculated at two distinct levels. 
Inter-species conservation: We used genome-wide base-pair resolution 
phastCons scores that were precomputed from the multiple sequence alignment 
of 45 vertebrate genomes to the human genome (Siepel et al. 2005).  
Intra-species conservation: We used genome-wide human polymorphism data 
from the 1000 Genomes project (The 1000 Genomes Project Consortium 2012) 
to infer the extent of intraspecific selection pressure acting on distal CGI 
elements. A derived allele is one that arises in a population due to a mutation in 
the original allele in the population (ascertained by comparing with multiple 
closely related species to human). By definition, the derived allele starts out 
“rare” and its frequency can increase in a population over time due to genetic drift 
or in rare occasions, positive selection. If the mutation, or the derived allele is 
deleterious, its spread will be curtailed due to selection pressures acting on it, 
thereby resulting in a low derived allele frequency (Vishnoi et al. 2011). 
Therefore, a low DAF in given region may suggest negative selection in that 
region. For each CGI, we generated the derived allele frequency (DAF) spectrum 
by pooling DAFs at all nucleotides within that region. Thus, for each gene loci, 
there existed a DAF profile corresponding to its upstream CGI. 
Cell-type specific regulation of alternative promoter CGIs 
Motif information for 642 TFs (those with available Positional Weight Matrix 
(PWMs) in TRANSFAC (Matys et al. 2006) and expression data across cell 




activity in some cell type were input to PWMSCAN (Levy and Hannenhalli 2002), 
a tool that scans sequences to identify significant motif matches. Matches with 
PWM scores in the top 5% were retained, and expression profiles of the 
corresponding TF genes were obtained. Then for each locus, the distribution of 
the expression profiles of these TFs in cell-types where the CGI was active was 
compared to a similar distribution arising from cell types where the CGI was 
inactive using Wilcoxon test.  
Sequence-based splicing signals 
Sequences spanning the intergenic region between the TSS of MethExp, 
MethNotExp and NotMethExp genes and their associated upstream distal CGIs 
(“segment region”) were extracted using the hg19/GRCh37 reference genome 
from UCSC Genome Browser. Motif information and frequency matrices for the 
U1 binding site and PAS recognition sequence was obtained from Almada et al. 
(Almada et al. 2013). The motif frequency data was transformed to position 
weight matrices and was input to PWMSCAN (Levy and Hannenhalli 2002), a 
tool that scans sequences to identify significant motif matches. Matches with 
PWM scores in the top 5% were retained, and the order of motifs on a given 
sequence was inferred. If the first 1500 bp of the segment region contained a 
match for U1 before PAS, the corresponding gene loci was assigned the label 
“stable”, and “unstable” in case the motif order was switched. 
Gene Ontology (GO) enrichment 
DAVID Bioinformatics Resource 6.7 (Dennis et al. 2003) was used for all GO 




CHAPTER 4: High-throughput detection and analysis 
of protein interaction-based regulatory rewiring events 
 
Abstract 
Similar to evolutionary changes in the sequence of CREs, changes within coding 
regions of TFs can allow for altered protein-protein interaction capabilities and 
function, through motif and 3D domain turnover across evolution. For example, 
the TF FTZ, has switched from serving a homeotic role in ancestral insect 
species, to being involved in segmentation in the Drosophila genus. This switch 
in FTZ’s function is accompanied by the loss of YPWM, a protein sequence motif 
that is responsible for cofactor interactions with homeotic regulators, and the gain 
of a LXXLL motif that enables interaction with segmentation-related cofactors 
and targets. Elucidating the occurrence of, and mechanisms underlying these 
switches in TF function is critical to our understanding of evolutionary plasticity of 
gene function, especially the highly conserved developmental genes. To this end, 
we used a pairwise SVM method for species specific PPI prediction between 
1200 TFs in 12 related arthropod species, followed by detection of protein 
interaction-mediated regulatory rewiring. Based on simulation studies, we show 
that the accuracy of detection of rewiring events using the above PPI prediction 
method is approximately ~80-85%, which recapitulates the known FTZ-EXD to 
FTZ-FTZ1 interaction rewiring event amongst the top 5% of all events involving 
FTZ. Amongst all rewiring events involving all TF protein triplets, we find an 




complex, which is known to have undergone lineage specific gene losses and 
duplications. We expect that a deeper investigation of the rewiring events 
involving this protein member may reveal crucial information about regulatory 
network changes in neurogenesis across insect evolution. Overall, this work 
establishes that regulatory rewiring mediated by interaction changes is likely to 
be prevalent in arthropod development, and provides a high-confidence list of 
such candidates for future follow up. 
Introduction 
Embryonic development is a highly conserved process regulated by a set of core 
regulatory genes and proteins across diverse species. For example, mammalian 
Hox genes (involved in regulating homeotic processes during development) 
when mis-expressed, could recapitulate some of the same phenotypes caused 
by their fly counterparts (Lutz et al. 1996). Yet, there are documented instances 
whereby novel genes are recruited into pre-existing regulatory networks and 
others are lost (Zhong and Holland 2011), and this appears to be a fundamental 
feature of a stepwise process underlying metazoan evolution. Understanding 
mechanisms controlling the balance between constraint and variation in 
regulatory networks is a primary focus of the Evo-Devo field. 
Rewiring of connections within regulatory networks may result through changes 
in cis-regulatory elements (CREs) controlling gene expression such that it is 
brought under the control of new regulators. This flexibility is afforded by the 




new functions are gained, as well as loss of existing functions without affecting 
the newly acquired functionality. Similarly, regulatory rewiring can also be 
brought about by the modularity of protein domains, which provides the flexibility 
for functional changes during evolution for which protein sequence changes 
would be expected to be highly deleterious. In fact, it has been argued that the 
evolution of proteins may play a more substantial, but far underestimated, role in 
developmental evolution. (Lynch and Wagner 2008). 
One such example of regulatory rewiring mediated by the alteration of protein 
sequence and thereby function occurred during the development of diverse 
arthropod species. Specifically, the TF FTZ, has switched from serving a 
homeotic role in ancestral arthropod species, to being involved in segmentation 
in recent holometabolite insects including the Drosophila genus. In the 
blastoderm stage of embryogenesis in Drosophila, the major body axes and 
segment boundaries are determined by “segmentation” genes whereas 
subsequent development of these segments into morphologically distinct 
structures like legs, wings, and antennae require the action of “homeotic” genes. 
The switch in FTZ’s function is accompanied by the loss of YPWM, a protein 
sequence motif that is responsible for cofactor interactions with homeotic 
regulators like EXD, and the gain of a LXXLL motif that enables interaction with 
segmentation-related cofactors and targets (Heffer et al. 2013). Specifically, 
having acquired the LXXLL motif, the FTZ possesses the capability to dimerize 
with FTZ-F1 (via the AF-2 domain), a TF controlling segmentation processes 




engrailed, to activate its expression and initiate this stage of development in 
Drosophila (Florence et al. 1997; Yu et al. 1997; Guichet et al. 1997). 
Despite the extent of protein sequence changes across clades, very few studies 
have been reported that map these in a genome-wide fashion, specifically as 
they pertain to regulatory rewiring. Elucidating the occurrence of, and 
mechanisms underlying these evolutionary switches, are critical to our 
understanding of the evolution, and for rational design of targeted experiments to 
probe these processes. One of the challenges in identifying clade-specific protein 
interaction rewiring is to be able to determine species-specific protein-protein 
interactions (PPI). However, such data has not been experimentally determined 
for a majority of species and one must rely on computational estimations of 
species-specific interactions. To this end, we have used a pairwise SVM (Ben-
Hur and Noble 2005) method; with protein motif and domain presence/absence, 
as well as known interaction potential information as features, to 
comprehensively screen for evolutionary changes in protein motifs/domains 
affecting interaction preferences of 1200 TFs across 12 related arthropod 
species. The method itself achieves a cross-species accuracy (AUROC) of ~70% 
when predicting protein-protein interactions from sequence. We then applied a 
probabilistic method (based on a previously developed cis-regulatory rewiring 
detection method (Sarda and Hannenhalli 2015)) to identify all instances of 
protein interaction based regulatory rewiring across different evolutionary 
lineages spanning 12 related arthropod species. Based on simulation studies, we 




PPI prediction method is approximately ~80-85%; a 10-15% increase in power 
achieved as a consequence of pooling information across 12 species for the 
rewiring detection step. 
Our method recapitulates the known FTZ-EXD to FTZ-FTZ1 interaction rewiring 
event amongst the top 5% of all events involving FTZ and the other TF pairs, 
suggesting that the method performs well. Interestingly, upon consideration of 
just the TF partners highly expressed during some developmental stage (total of 
242), the regulatory rewiring landscape of FTZ appears to be quite different. The 
known FTZ-EXD to FTZ-FTZ1 interaction rewiring event no longer appears in the 
top 5% of events involving FTZ and other developmental TF pairs, but rather only 
within the top 25%. This suggests that a lot of restructuring of the developmental 
TF network occurred across insect/crustacean evolution. Amongst the top 1% 
rewiring events involving all TF protein triplets, we find several protein members 
involved in the “enhancer of split” complex. It is known that throughout insect and 
crustacean evolution, genes encoding this complex (which is critically important 
for neurogenesis) have undergone lineage specific gene losses and duplications 
(Dearden 2015). Therefore, we expect that a deeper investigation of the rewiring 
events involving these proteins may reveal crucial information about regulatory 
network changes in neurogenesis across insect evolution.    
Overall, this work establishes that regulatory rewiring mediated by interaction 
changes is quite prevalent in arthropod development, and provides a high-





Quantifying evolutionary interaction rewiring 
Our overall strategy for detecting interaction-mediated regulatory rewiring is 
based upon our success in cis-regulatory rewiring detection in yeast (Sarda and 
Hannenhalli 2015). As shown in Fig. 4-1, for a TF X (rewiring candidate), and a 
select lineage ‘b’ (partitioning the species into two groups), we will compute a 
probabilistic score which assesses the proposition that TF X interacts with TF Y 
in one subgroup of species and instead with TF Z in the other subgroup of 
species. We thus compute a rewiring score (RS) for changes in the interaction 
potential for every TF a branch that separates the holometabolite insects from 
the other arthropods as shown in the species tree (Fig. 4-2). The analyses can, in 
principle, be extended to other partitions of species in the tree, but here we report 
results for just the one indicated in the figure. Following the logic for cis-
regulatory rewiring above, the rewiring score RS(X,Y,Z,b) can be estimated as: 
 
 where P(X,Y,s) quantifies the probability that TF X and Y interact in species s. 
 
Figure 4-1. Illustration of approach to assess interaction rewiring. This sample tree shows 




species in the left clade (s1, s2 ϵ S) and two species (s3, s4 ϵ T) in the right clade. Interaction 
patterns of transcription factors X, Y and Z are such that, X interacts with Y in species in the left 
clade S, and Z in species in the right clade T, and not vice versa. 
 
Figure 4-2. Phylogenetic tree of select arthropod species. Tree shows relationships between 
the 12 arthropod species surveyed in this analysis. The branch across which we partitioned the 
species to assess lineage-specific trans-regulatory rewiring is indicated by a bolt. 
 
Estimating interaction probabilities between a pair of proteins 
The available protein interaction databases such as STRING (Franceschini et al. 
2013), BioGrid (Chatr-Aryamontri et al. 2015), HPRD (Keshava Prasad et al. 
2009), etc. cannot be used directly to get protein-protein interaction probabilities 
of pairs of proteins in a given species (i.e., P(X,Y,s) from the previous section), 
as they are generally not based on species-specific experiments, but instead 
interaction information is transferred from closely related species based on 
orthology. In short, species specific PPI data is virtually non-existent for most 
arthropod species (except in Drosophila melanogaster). Therefore, to ensure that 




species-specific fashion, we will computationally estimate the likelihood of 
binding between a protein pair based only on their sequence. An advantage of 
methods that predict interactions from just sequences is that, since they learn the 
interaction rules from the primary amino acid (AA) code which are the 
fundamental building blocks of proteins, they will easily extend to predicting 
interactions between proteins from sequences in any species. Thus, a high 
degree of generalizability in cross-species PPI prediction is expected, which is 
especially useful for our use case as we shall train on PPI data in D. 
melanogaster, and predict protein interactions using this model in the other 11 
species.  
Previous methods: Although PPI prediction from primary sequence is recognized 
to be a challenging problem, it has been addressed by several groups in the past 
with reasonable success. Following some of the early seminal works that used 
amino acid subsequence-based features in a graph or SVM based learning 
model (Bock and Gough 2001; Pitre et al. 2006; Shen et al. 2007; Guo et al. 
2008), many groups with slightly different feature extraction protocols and 
ensemble learning models improved upon the overall prediction accuracy (Zhang 
et al. 2014; Huang et al. 2015; You et al. 2014). A preliminary evaluation of two 
such off-the-shelf PPI prediction methods (Yu et al. 2010; You et al. 2015) that 
use simple sequence features such as count frequency of AA triads, distribution 
and composition of AA properties like hydrophobicity, polarity within 
subsequences, etc. revealed that while the accuracies of PPI prediction within 




97%), the methods fail to generalize across species. Both methods were trained 
on D. melanogaster PPIs and tested on H. sapiens PPIs (see Methods for PPI 
data treatment, source and negative set generation), and vice versa, as a proxy 
for expected arthropod cross-species accuracy estimates. This resulted in an 
accuracy of less than 53-55%, and we got similar accuracies using their own 
datasets as well (Figure 4-3). A relatively recent paper (Park and Marcotte 2012) 
surveyed over 50 similar simple sequence based methods including the above 
and reported that most of these reach accuracies of ~55% when proteins in the 
test set were never “seen” during training. As neither of the members of a protein 
pair are seen in cross-species PPI prediction, we cannot expect any of them to 
perform well. Therefore, based on our preliminary assessment, we believe that 
most of the current methods suffer in two crucial aspects: a) simple-sequence 
based features are inadequate for tools to learn 3D structure rules that are far 
more relevant for interaction, and b) the encoding of features ignores the 
pairwise nature of the input; i.e., a simple concatenation of features belonging to 
each protein member of the pair for which interaction potential is learnt/predicted 
does not correspond to a space where features/attributes about their “specific 





Figure 4-3. Off-the-shelf PPI prediction method evaluation. A summary of features, models, 
reported and actual accuracies of two popular off-the-shelf PPI prediction methods when used for 
within and cross species interaction prediction. 
  
Alternative methods: In seeking to remedy this, we first developed a prototype 
method that uses features that are representative of (i) the 3D structures (viz., 
domains and linear motifs) adopted by individual protein members of a given 
pair, and (ii) interactions that occur within the specific protein pair itself. 
Specifically, we used as features the frequency of known domain-domain 
interactions (DDIs), domain-motif interactions (DLIs) and > 200 linear motifs 
found in a protein pair in a Random Forest framework (see Methods for domain, 
motif, DDI and DLI detection and quantification strategies). We found that this 
prototype method achieves ~80% AUROC (5 fold cross-validation) within Human 
and Fly, with a cross-species AUROC of 71%. This shows that using structural 
information (even in the naïve manner as the above) recovers some of the 
generalizability of PPI prediction across species. 




appropriately. Specifically, features like domain and motif frequency are protein-
member specific, whereas DDI and DLI are protein-pair specific. Kernel based 
methods allow encoding protein-member specific features in a paired manner, as 
shown by Ben-Hur et al. (Ben-Hur and Noble 2005). Briefly, kernels are similarity 
functions over a pair of datapoints, and are computed in a higher-dimensional 
space representation of the original features. They can be used in learning 
methods (like Support Vector Machines) whose optimization function possesses 
a dual form, which requires only the dot product of input vectors. This allows 
computation of optimality in any high-dimensional space without explicitly 
knowing the transformation function that takes features into that space (the 
kernel trick). Specifically, in the above method, pairwise encoding was achieved 
by expressing the similarity between pairs of proteins in terms of similarities 
between individual proteins (see Methods). In fact, the tool published by this 
group (PyML) allows combining unpaired and paired features in distinct kernels 
(where kernels can be weighted disproportionately) in a single framework; we 
use this tool to strengthen our PPI prediction task. Using the same human and fly 
PPI data, frequencies of over 5000 domains and 200 linear motifs were 
computed for each member of the protein pair and encoded using a pairwise 
kernel. We added individual unpaired kernels for DDIs and DLIs as well. With 
suitable differential weighting of the kernels (see Supplemental Fig. C-1), we 
achieve upto a maximum of 80% within species accuracy, and 72% cross-
species accuracy (based on AUROC estimates). Although, this appears to be 




results and overall conclusions hold by using this method. Therefore, in the main 
text, we only present results and conclusions based on the application of the 
Random Forest method on our datasets. 
Simulation-based power analysis of rewiring event detection 
It is still unclear how effective the prototype PPI detection method, combined with 
the rewiring score function is in recovering true rewiring events from the overall 
population. Further, it would be interesting to know how well a sequence based 
PPI prediction method with 70% accuracy across species performs with respect 
to rewiring event detection in 12 related species, such as it is in our specific use 
case. To get a sense of how the performance of rewiring detection is affected or 
influenced by the accuracy of the underlying PPI prediction method, we carried 
out a simulation that uses the predicted probabilities of the above Random Forest 
based method to model rewiring events. Specifically, at a particular branch b of 
the 12 species phylogenetic tree that partitions the tree into two lineages of 6 
species each, we simulate 1000 true rewiring events, such that the ground truth 
is that X interacts with Y on the left clade l, and with Z on the right clade r, and 
not vice-versa. We sample probabilities for true interactions {P(X,Y) in l, P(X,Z) in 
r} from the overall distribution of predicted probabilities for true PPIs in Human 
(using the Drosophila trained model). Similarly, we sample probabilities for false 
interactions {P(X,Y) in r, P(X,Z) in l} from the overall distribution of predicted 
probabilities for false PPIs in Human using the same model (see Fig. 4-4A for 
true and false PPIs interaction prediction probabilities). The fly to human cross-




output from our use case, which is where the fly model will be used to predict 
PPIs in the other 11 arthropod species. We then compute rewiring scores of 
these true rewiring events based on assigned PPI probabilities. To generate a 
suitable background, for each true event, we shuffle 100 times the assigned PPI 
probabilities between species using a phylogenetic permutation model, described 
in Lapointe and Garland 2001 (Lapointe and Garland 2001). A phylogenetically 
restricted permutation does not shuffle in a completely random manner, but 
rather shuffles accounting for the fact that the PPI profiles of closer species are 
more similar. We then compute the “false” rewiring scores based on these 
phylogenetically permuted PPI probabilities. Using the rewiring scores of the true 
and false events, for different score cutoffs, we obtain the sensitivity, specificity 
and accuracy of rewiring detection, as well as the area under the ROC curves. 
We repeat the above using a few different values for the following additional 
parameters, viz., 1) loss ϵ {0,1,2} – randomly pick 0,1,2 species from each clade 
and simulate a loss of PPI interaction, to replicate clade specific loss of 
interactions. 2) fluidity ϵ {1,2,3,5} – determines how strict the resulting PPI 
probability permutations are, i.e., lower the value of fluidity, the closer the 
resulting permuted values are to the original. Here, we show that for loss=1; 
fluidity=2, the AUROC of rewiring event detection method is 0.85 (Figure 4-4B). 
We would like to emphasize that the underlying PPI model only achieves a cross-
species AUROC of 0.71, and even after using a stringent background and 






Figure 4-4. Fly to human predicted PPI probability distribution and resulting rewiring event 
detection accuracy. (A) A histogram depicting the probability distribution resulting from cross-
species application of the prototype random forest based method for true and false PPIs in 
human. (B) A UROC of rewiring event detection method achieved by (i) randomly modeling 
lineage specific loss of interaction in one species, and (ii) a restricted permutation using a fluidity 
value of 2 for generation of background events. 
 
Recapitulation of the FTZ rewiring event 
We used our prototype random forest method (with AUROC of 0.71 for cross-
species prediction) to predict interactions amongst TF pairs in diverse arthropods 
and asked if our rewiring detection method was capable of successfully 
recapitulating the known FTZ event. Thus, to this end, for about 800 TFs (out of a 
total of 1168 TFs in fly) that had mappable orthologs in at least 10 out of 12 
arthropod species, we obtained the corresponding protein sequences and ran 
our PPI prediction method to predict interaction scores between each pair of TFs 
in each species. This resulted in a total of 800C2 * 12 predicted interaction 





protein triplet (X,Y,Z), we computed the rewiring scores at the partition (indicated 
in Fig. 4-2) using the actual predicted probabilities in each species (see 
Methods). Fig. 4-5 shows the background distribution of all rewiring scores of 
protein triplets that involved FTZ with the 5% and 95% quantiles of the 
distribution. Fascinatingly, we observe that the known event involving FTZ, i.e. 
(FTZ,FTZ-F1) in the lineage species and (FTZ,EXD) in the basally branching 
species has a rewiring score of -2.62, which is amongst the top 5% of all events 
involving FTZ. The background distribution is a TF-specific one, and is thus 
hence more stringent than looking across the board of all rewiring scores. 
 
Figure 4-5. Distribution of rewiring scores for all triplets with the TF FTZ. The histogram also 
depicts the 5th and 95th percentile values of the distribution. 
 
Functional insights about interaction based rewiring in arthropod species 
In recent years, several examples have emerged to demonstrate that embryonic 
regulatory genes can be co-opted into new pathways through changes in cis- 




Hox-like expression, Antp is expressed in and controls eyespots on butterfly 
wings (Saenko et al. 2011). Other Drosophila developmental genes have also 
been shown to change function in insect lineages: e.g., eve is not expressed in 
stripes in grasshoppers (Patel et al. 1992) and functions as a gap gene in 
Oncopeltus (Liu 2005). In Oncopeltus, a nuclear receptor, E75A, which is not a 
pair-rule gene in Drosophila, has pair-rule function. These variations in gene 
expression and function during development suggest a prevalence of loss- or 
gain-of-function across insect evolution.  
To get a sense of the how much regulatory interactions vary as they pertain to 
TFs predominantly involved in the development process, we repeated our 
rewiring event detection analysis in just 242 of the highly expressed TFs during 
some stage of embryonic development (see Methods). Interestingly, the 
regulatory rewiring landscape of FTZ does not seem to be exceptional (the FTZ-
EXD-FTZF1 appears among the top 25% of rewiring scores), suggesting that a 
lot of restructuring of the developmental TF network has occurred across 
insect/crustacean evolution. We believe that a deeper investigation of these 
candidates is warranted, and will report our findings in a future version.   
Further, amongst the top 1% rewiring events involving developmental TF triplets, 
we find several protein members involved in the “enhancer of split” complex. It is 
known that genes encoding this complex arose before the common ancestor of 
insects and Crustacea, and before the formation of the complex itself. 
Throughout insect and crustacean evolution, these complex-forming genes have 




complex is involved in neurogenesis in the genomes that they are found in, but 
appear to be missing from the genomes of chalcid wasps, raising questions as to 
how these species carry out neurogenesis in the absence of these genes 
(Dearden 2015). Therefore, we expect that a deeper investigation of the rewiring 
events involving this protein member may reveal crucial information about 
regulatory network changes in neurogenesis across insect evolution. 
Discussion 
The modularity of protein domains provides the flexibility for functional changes 
during evolution, demonstrated by changes in the function of embryonic 
transcription factors such as the case of FTZ across arthropod evolution. Protein 
sequence changes such as the above would be expected to be highly deleterious 
and are highly surprising since loss- or gain-of-function changes in segmentation 
genes in lab animals usually result in lethality. Yet, these are occurring and 
persistent in much more challenging natural environments. To gain broader 
insights into change of function, resulting from changes in interaction preferences 
of regulatory TFs, we have developed a method; with protein motif and domain 
presence/absence, as well as known interaction potential information as features, 
to comprehensively screen for evolutionary changes in protein motifs/domains 
affecting interaction preferences of 1200 TFs across 12 related arthropod 
species, followed by identification of all instances of protein interaction based 
regulatory rewiring. Based on simulation studies, we show that the accuracy of 




Predicting interaction potential from protein sequence is an inherently challenging 
problem, and while a high number of false positives in predicting interaction in an 
individual species is expected, in computing rewiring scores, our reliance on 
evidence of interactions in multiple species should reduce false positive 
inferences of rewiring events. As we mention previously, a 10-15% increase in 
accuracy was achieved as a consequence of pooling information across 12 
species for rewiring event detection. 
Most of the binding affinity of a linear motif comes from 4-8 residues, which 
introduces a significant amount of noise in the predictions, at two levels, (1) in the 
power of detection within proteins due to its low complexity (unreliable 
confidence scores or p-values), and (2) in the actual biological stability of 
detected interactions (such as DLIs, as low affinity often results in transient or 
reversible interactions). We attempted to alleviate the former by only considering 
exact matches to the regex definitions provided by ELM for linear motifs. 
Although noise originating from the latter is a natural outcome of the biology of 
linear motif mediated interactions (whether it is functional or not), and cannot be 
approximated by in silico methods. 
We note that our method here can only identify all those TFs that have globally 
rewired their interaction preferences, but not those that exhibit differential co-
factor binding preferences in a target-specific manner. Such combinatorial 
behavior generally has cis-element underpinnings that ensure differential 
localization to target genes. Integrating the cis-framework to allow detection of 




can be far away from transcription start sites and are largely unknown, although 
using approximations with evidence of regulatory potential across multiple 
species (using conservation scores) might be a viable option.  
In summary, our method successfully recapitulates the known FTZ event, 
provides a high-confidence resource of previously unknown interaction-based 
rewiring events, and also suggests that the developmental TF network has 
undergone extensive restructuring across evolution. The results from a deeper 
investigation of these predicted rewiring events will be presented in future 
version.   
Materials & Methods 
TF annotations, sequences and orthology groups 
Annotations of TFs were obtained from FlyTF – The Drosophila Transcription 
Factor Database (v1.0) (Pfreundt et al. 2009), based on a loose definition of “TF-
like” terms in their description. 11 other arthropod species were probed for 
orthologues of these selected D. melanogaster TFs, viz., Drosophila 
pseudoobscura (fruitfly), Drosophila virilis (fruitfly), Aedes aegypti (mosquito), 
Tribolium casteneum (red flour beetle), Apis mellifera (honeybee), Daphnia pulex 
(common water flea), Lepeophtheirus salmonis (salmon louse), Strigamia 
maritima (centipede), Ixodes scapularis (black-legged tick), Tetranychus urticae 
(two-spotted spider mite) and Stegodyphus mimosarum (African social velvet 
spider). The choice of species was made based on the availability of whole 




melanogaster TFs were determined using two tools, viz., Ensembl Compara (Perl 
API) and metaPhOrs (Pryszcz et al. 2011), both of which are phylogeny based 
orthology predictions and merged to increase coverage. The protein sequences 
of all orthologous TFs across species were downloaded from Ensembl database. 
Domain and linear motif detection 
Protein domains and linear motifs were detected from each individual TF protein 
sequence using INTERPROSCAN and ELM motif definitions respectively. Only 
Pfam and SMART domains detected per sequence were retained resulting in a 
total of 5948 unique domains across all sequences. A custom script searching for 
ELM regex definitions returned about 240 unique linear motifs across sequences. 
The frequency vectors of domain and linear motif counts were generated per TF 
per species and recorded for further analysis. 
Domain-Domain (DDI) and Domain-Linear Motif Interaction (DLI) detection 
The annotations of approximately 8200 known DDIs and 270 known DLIs were 
obtained from DOMINE (Yellaboina et al. 2011) and ELM (Dinkel et al. 2014) 
respectively. In addition, 2682 DDIs that are experimentally known not to occur 
were derived from Negatome 2.0 (Blohm et al. 2014), which is a collection of 
protein domain pairs which are unlikely engaged in direct physical interactions. 
The frequency vectors of positive DDIs, negative DDIs and positive DLIs were 
generated per TF-pair per species and recorded for further analysis. 
PPI data source, treatment and negative set generation 




D. melanogaster PPIs in STRING (Franceschini et al. 2013) database that had 
(a) support from experimental studies, and (b) did not involve pairs where either 
of the protein members had the amino-acid selenocysteine (U) in their sequence. 
We generated a suitable negative PPI set of equal size by random shuffling of 
true PPI pairs, and ensuring there was no overlap from the positive set.  
 
Note: All of the above steps, including proteome download, domain and linear 
motif detection, DDI and DLI detection, PPI positive and negative set generation 
were repeated in human, so as to have an additional dataset to assess the 
performance the PPI prediction methods across species. The methods were 
identical, except that the PPI annotations of over 41000 pairs themselves were 
downloaded from HIPPIE (Schaefer et al. 2012) instead of STRING, for better 
data quality. 
Alternative PPI prediction methods 
Prototype random forest based method: A random forest is a supervised learning 
algorithm that uses a voting scheme to classify an observation based on the 
consensus of a collection of 1000s of decision trees that are each trained on a 
random subset of datapoints and features (Breiman 2001). For the PPI prediction 
method, we train the method on known PPIs and random PPIs (positive and 
negative set response variable set to either 0 or 1 respectively) in fly and human. 
For each protein pair, the features include frequencies of counts of positive DDIs, 
negative DDIs and positive DLIs found in that pair, concatenated with the unique 




caret package in R for implementation and report 5-fold cross validation 
accuracies within and across species in the main text.  
Pairwise SVM method: An SVM is also a supervised learning algorithm for 
classification. An important property of SVMs, viz, the dual form of the 
optimization function allows the use of kernel functions to SVMs which apply a 
transformation to the input vectors. This allows the transformation of unpaired 
features, such as domain and linear motif counts in individual protein members of 
a pair, to a space of paired features representative of the specific protein pair. 
This was done by Ben-Hur et al. in 2005 in the context of protein-protein 
interaction methods. The kernel, i.e., similarity function between input vectors 
can be transformed to a pairwise kernel by considering the similarity between 
pairs of input vectors (pairs of features corresponding to a protein pair). The most 
straightforward way to construct this pairwise kernel is to express the similarity 
between pairs of proteins in terms of similarities between individual proteins. In 
the approach, they consider two pairs to be similar to one another when each 
protein of one pair is similar to one protein of the other pair. For example, if 
protein X1 is similar to protein X’1, and X2 is similar to X’2, then it can be said 
that the pairs (X1,X2) and (X’1,X’2) are similar. 
These intuitions are translated into the following pairwise kernel: 
K((X1,X2),(X’1,X’2)) = K(X1,X’1)K(X2,X’2) +K(X1,X’2)K(X2,X’1), 
This kernel takes into account the fact that X1 can be similar to either X’1 or X’2. 
It is implemented in the PyML package developed by Dr. Asa Ben-Hur, and we 




known PPIs and random PPIs (positive and negative set response variable set to 
either -1 or 1 respectively) in fly and human. For each protein pair, the features 
include (i) unpaired kernels for frequencies of counts of positive DDIs, negative 
DDIs and positive DLIs found in that pair, and (ii) pairwise kernels of unique 
domain and linear motif counts per protein member. We report 5 fold cross 
validation accuracies within and across species in Supplementary Figure C-1. 
This work is still in progress, although based upon a preliminary assessment it 
appears as if the method achieves similar accuracies to the prototype method 
and might replace the results from the latter in the main text in a future version. 
Probabilistic rewiring score 
Generalizing the rewiring score function presented in the main text, we get 
 
where X, Y and Z are transcription factors, s is a given species, and Lb and Rb 
denote the sizes of the left and right clades resulting from a partition at branch b, 
respectively. The P(TF1, TF2, species) terms are computed by plugging in the 
probabilities of interaction between TF1, TF2 in each of the arthropod species, as 
predicted by the model trained on D. melanogaster PPIs. 
Identification of developmental TFs 
We used a published RNAseq dataset on the developmental transcriptome in D. 
melanogaster (Graveley et al. 2011), where gene expression was measured 
during every consecutive two-hour interval during embryogenesis. In each of the 




expressed TFs, and combined them to produce a unique set of 242 
















CHAPTER 5: Perspective and future work 
 
Association studies that map genotype to phenotype or disease unanimously 
report that a majority of the signal lies in non-coding regions. Yet these signals 
are notoriously hard to interpret given that the regulatory genome and its range of 
functional diversity has largely remained an enigma. The recent advances in the 
systematic annotation of functional noncoding elements, using information about 
sequence motifs, chromatin state, epigenomic marks, evolutionary conservation 
etc. have helped develop richer regulatory models seeking to explain the 
underlying mechanisms that generate phenotypic variation. 
Yet, there still remains much to be understood about genome regulation, and this 
thesis seeks to improve our understanding about some of the lesser explored 
observations pertaining to the process of regulation. We report that some 
regulatory innovations, such as cis-regulatory rewiring as well as regulatory TF 
functional changes (mediated by alteration of interaction partners) are highly 
prevalent across evolution. We also report, for the first time, a previously 
unknown general regulatory mechanism by which distal elements (viz., CpG 
islands) can be poised to serve as alternative promoters to nearby silenced 
genes, which also has large implications for specific genes expressed in cancer 
phenotypes. 
Specifically, we answer some important questions pertaining to the process of 
cis-regulatory rewiring. For instance, (i) how widespread is a comprehensive shift 
in transcriptional regulation of a regulon, and (ii) what are the features of target 




rewiring events and collectively analyzing their trends, we were able to answer 
these questions and gain further insights into conditions conducive to rewiring, as 
well as enable discovery of clade/specific instances of regulatory innovation. 
Our results indicate that cis-rewiring is pervasive; it is further likely that if our 
analysis of regulons is not restricted to those with conserved expression across 
species, it will reveal many more rewiring events that have the potential to shed 
light on the divergence of functionally related genes’ expression mediated by 
rewiring. Although some of the detected events have functional consequences, it 
is very likely that a lot of these are manifestations of high cis-regulatory plasticity 
and represent a neutral shift in regulation. 
Our observation that the rewired TF pairs tend to function in similar biological 
processes compliments a previous observation that evolutionarily diverged 
targets of a TF nevertheless possess common functions (Habib et al. 2012). 
Taken together, these two observations suggest high plasticity in regulatory 
networks. We also found that rewired TFs are generally controlled by a common 
upstream regulator, and occupy lower levels of regulatory hierarchy, which are 
both consistent with expectations. 
It is likely that regulatory rewiring at the individual gene level are frequent and 
without strong selection (as also noted in (Habib et al. 2012)), while repeated 
rewiring at multiple loci consisting of regulons (functionally related genes) may 
partly be due to directional selection. In the future, knowledge from deeper 
phylogeny could be used to infer the temporal ordering of specific events in cis-




distinguish potential seeding events from the ones that follow, likely under 
selection. 
Analogous to cis-rewiring, we show that there have been several instances 
whereby changes within coding regions of developmentally important TFs have 
allowed for altered protein-protein interaction capabilities and function, through 
motif and 3D domain turnover across arthropod evolution. We do so by 
developing a method; with protein motif and domain presence/absence, as well 
as known interaction potential information as features, to comprehensively 
screen for evolutionary changes in protein motifs/domains affecting interaction 
preferences of 1200 TFs across 12 related arthropod species, and identify all 
instances of protein interaction-based regulatory rewiring. 
While our analyses so far provide some functional insights, we have not yet been 
able to achieve all of the primary goals we set out to at the onset of this work. 
We are interested in: 
(i) Curating the list and selecting 20 candidates and testing, using Y2H 
assays and co-immunoprecipitation, whether the specific sequence 
difference in a TF across species results in the predicted differences in 
protein interaction. A smaller set of in vitro validated cases will be further 
examined in Drosophila to analyze gene expression and function, by 
harnessing the array of available experimental tools. 
(ii) Performing downstream functional studies to determine conditions 
conducive to interaction partner rewiring. From the large number of 




rewired interaction partners (i) share structural similarities (ii) functional 
similarities (iii) interact with each other. We expect that, similar to cis-
regulatory rewiring, these features could individually or synergistically 
facilitate the opting out of one interaction partner for another. We will test 
these hypotheses in a manner similar to what we did in the case of cis-
regulatory rewiring. 
(iii) Providing an outlook on impact of partner switching on downstream gene 
targets. While it is possible that the two sets of gene targets are involved 
in similar function consistent with a neutral system drift, the targets may 
also be involved in very different processes, suggesting a potential switch 
in the regulator’s function. To this end, we will determine potential gene 
targets of interacting TF dimers in a species-specific fashion, based on 
presence of DNA binding motifs of the pair of TFs in the gene regulatory 
regions (such as evolutionary conserved regions within 20kb of the gene 
start positions). We will then assess, based on Gene Ontology (GO) 
analysis, whether the two sets of target genes share common functions. 
This analysis will provide a baseline for a global trend of functional 
consequences of interaction rewiring, which is currently non-existent. 
And finally, we report a previously unknown phenomenon that appears to have 
evolved in recent vertebrates, whereby an intergenic orphan CGI can function as 
an alternative promoter to express the gene product of a nearby CpG-poor 
methylated-promoter gene. We found this to occur across hundreds of CpG-poor 




tissues. Importantly, this phenomenon explains the aberrant expression patterns 
of some cancer driver genes, potentially due to aberrant hypomethylation of 
distal CGIs, despite hypermethylation at proximal promoters. 
From the perspective of all orphan CGIs upstream of a CpG-poor promoter gene 
(within 50kb), we find that almost 15% of them exhibit significant correlation 
(Spearman’s P < 0.05) between CGI methylation and gene expression, and lack 
such a correlation (Spearman’s P > 0.05) between the gene’s proximal-promoter 
methylation and expression. Additionally, among all orphan CGIs exhibiting the 
above property, the corresponding downstream genes are significantly enriched 
for CpG-poor promoters (Fisher’s P < 10-3) compared to CGI promoters. Even 
more interestingly, we find that the predominantly CpG-poor (i.e., non-CGI) 
promoters of MethExp genes tend to be more CG-rich than the average non-CGI 
promoter gene (Wilcoxon P = 10-9). It is possible that CpG-poor MethExp 
promoters are remnants of once CpG-rich promoters that have lost CG 
dinucleotides (due to mutagenic property of methyl-cytosines) over evolutionary 
time; the overall impact of this phenomenon, however, remains unclear.  
Further, it is not apparent what the causes or implications are, of tissue-specific 
genes co-opting alternative promoters for their expression. 
(i) Does this co-option happen more easily for genes that possess 
“intermediate” CpG-dense promoters? 
(ii) What abilities/advantages does the distal promoter co-option confer to the 
cell, or to tissue specificity itself? Does alternative CGI promoter activity 




(iii) What are the mechanisms underlying the choice of promoter used by a 
given gene across cell types? 
We believe the results produced as an outcome of this work warrant further 
investigation so as to chart out the big picture. Therefore, we plan to follow up 
with analyses that will help gain insights into some of these broad questions in 


























Figure A-1. Information content (IC) based distribution of rewiring scores per branch. In 
each branch, we pooled rewiring scores based on whether the rewiring is between (1) a low IC 
motif-to-low IC motif, (2) a low IC motif-to-high IC motif, (3) a high IC motif-to-low IC motif, or (4) a 









Figure A-2. Effect of motif similarity on detection of “multiplicity” of rewiring at regulons. 
Overlapping histograms and density profiles of distance between consensus sequences of motifs 
(a proxy for pairwise motif similarity) of 1) TFs rewiring at the same regulon and the same branch 
(in blue), and 2) random TF pairs representing the background distribution of motif similarity 






Figure A-3: Rewiring scores of the ribosomal regulon for RAP1-CBF1 and IFH1-TBF1 
switches across branches. The rewiring scores are shown on the Y axis, and the selected 
branches are shown on X axis. (A) RAP1 in lineage & CBF1 in ancestral species: This plot 
compares the rewiring score distribution of the background (all genes; in pink) and that of 
ribosomal genes (in blue) for the potential that RAP1 regulates its member genes in species 
diverging from a given branch b, and CBF1 regulates the ancestral species. (B) CBF1 in lineage 
& RAP1 in ancestral species: This plot compares the rewiring score distribution of the background 
(in red) and that of ribosomal genes (in grey) for the potential that CBF1 regulates its member 
genes in species diverging from a given branch b, and RAP1 regulates the ancestral species. 








Figure A-4. Physical interaction between rewired TFs in regulons. Rewired TF-pairs and all 
other TF pairs are binned into two classes based on propensity for physical interaction based on 
annotations in STRING database. The plot shows the fraction of TF-pairs that do (green) and do 
not (red) physically interact. Odds ratio (rewired versus other TF pairs) and Fisher’s test p-value 












Figure A-5. Proximal shared upstream regulator of rewired TFs in regulons. Rewired TF-
pairs and all other TF pairs are binned into two classes based on their distance to a common 
upstream regulator. This plot shows the fraction of TF-pairs whose distance to a common UpR is 
≤ 4 (green) or > 4 (red). Odds ratio (rewired versus other TF pairs) and Fisher’s test p-value (2x2 




Odds Ratio 1.11 
Fisher’s p-value 0.14 
  
 
   
   
COMMON UPSTREAM 
REGULATOR 
Odds Ratio 1.32 































Figure A-6. Species-specific TF-target co-expression for rewiring events detected at 
branch 11. The predicted TF-target expression distribution is shown for the TF predicted to be 
active in a species (dark) and for the TF predicted not be active in the species (light); the 







Figure A-7. Distributions of distance (path length) of rewiring TF pairs to their common 
UpR across species, in different bins of rewiring events segregated based on conservation 
levels of gene-targets expression. The target genes of rewiring were binned into conserved (in 
green) and diverged (in red) expression groups, and their respective distributions of distance to a 
common upstream regulator is shown in violin plots. As background expectation, the distribution 









Figure A-8. Nucleosome occupancy of RAP1 and TBF1 at ribosomal genes. Boxplots 
showing the distributions of nucleosome occupancy scores (Y axis) at TF binding sites in different 
yeast species (X axis). (A) Nuc. Occupancy at RAP1 sites in Scer vs. Calb. (B) Nuc. Occupancy 
at TBF1 sites in Scer vs. Calb. (C) Nuc. Occupancy at RAP1 sites in lineage vs. ancestral 
species. (D) Nuc. Occupancy at TBF1 sites in lineage vs. ancestral species. If the known rewiring 
between RAP1 and TBF1 in RP genes is supported by nucleosome occupancy, we expect to see 
lower nucleosome occupancy for RAP1 sites in Scer and lineage-specific species, compared with 
that in Calb and ancestral species; and vice-versa for TBF1 sites. We find that although these 
trends are individually consistent in Scer and Calb (Fig. S8-A, B), we did not observe these 
patterns in the nucleosome occupancy profiles of RAP1 vs. TBF1 binding sites in other species 
(Fig. S8-C, D) (i.e., there is absence of support across clades despite the fact that this rewiring 






Figure A-9. Density scatter plot of edges (representing expression correlation) between 
pairs of genes in Scer and Calb co-expression networks. Each point represents the level of 
co-expression of a pair of orthologous genes in the Scer coexpression network (X axis) and its 
corresponding level in the Calb coexpression network (Y axis) respectively. Datapoints are 
clustered into hexagons and colored based on point density. All points in quadrant III were 





#Significant rewiring events at the gene level for various FDR thresholds 
Branch 
FDR 7 11 19 20 33 39 
0.01 1 22 38 186 4 2 
0.02 1 38 46 552 4 2 
0.05 1 81 120 1001 4 2 
0.1 1 164 228 1043 8 2 
 
 
Figure A-10. Significant rewiring events at the gene level for various FDR thresholds. The 








Figure A-11. Yeast species phylogeny trees inferred from aligned genomic blocks and TF 
binding profiles. Phylogenetic relationships between 23 yeast species with relative branch 
lengths. (A) Known species phylogeny from genomic sequence, (B) Phylogeny derived from 





Appendix B: Supplemental Material from Chapter 3 
 
 
Supplemental Figure B-1. Heatmap representation of the median tissue specificity index (TSI) of 
MethExp genes versus all genes (columns) across 34 tissues (rows). A color scale for TSI values 








Supplemental Figure B-2a.  Stacked barplots displaying the proportion (X-axes) of three gene 
subtypes, viz., protein-coding (green), long-noncoding (pink), and short-noncoding (blue) before 
and after applying a filtration step (Y-axes) to MethExp genes, that discards all loci that contain a 
neighboring gene spanning the region between them and their associated upstream CGIs. 
Application of the filter resulted in no differences in the proportions of these gene subtypes across 


























Supplemental Figure B-2b.  Boxplots showing the distribution of expression levels (Y-axes) of 
MethExp genes before and after a filtration step (X-axes) that discards all loci that contain a 
neighboring gene spanning the region between them and their associated upstream CGIs. 
Application of the filter resulted in no differences in the overall expression levels of MethExp 






















































































Supplemental Figure B-3. Bar plots showing GO categories (Y-axes) and their enrichment 
levels in -log(P) (X-axes) for each of the 34 tissue types assessed. 







Supplemental Figure B-4. Boxplots showing the evidence of transcriptional initiation based on 
CAGE tag intensity (Y-axes; log-transformed) contrasted for three gene groups, MethExp (pink), 
MethNotExp (green) and NotMethExp (blue) at (i) the upstream CGI, and (ii) the proximal-





Supplemental Figure B-5. For the pan-tissue pooled set of MethExp genes, the plot shows the 
level of fractional methylation (Y-axis) at the promoters of these genes when they are MethExp 




Supplemental Figure B-6. The figure shows four lines of evidence supporting the usage of distal 
CGI as alternative promoter by MethExp genes in contrast to MethNotExp genes in mouse 
embryonic stem cells. Each panel shows the distribution of the median (i) fractional methylation at 
upstream CGIs (top-left), (ii) genomic distance between distal CGI and gene (top-right), (iii) RNA-
seq RPKM signal (bottom-left), and (iv) RNA-seq coverage (bottom-right) at the segment region 






Supplemental Figure B-7. Repressive marks at the promoter region. (A) Median H3K9me3 
signal, (B) median H3K27me3 signal, and 95% CI (X-axes) associated with the promoter regions 













DNAse signal, (B) median H3K4me3 signal, (C) median H3K9ac signal, (D) median H3K27me3 
signal,(E) median H3K9me3 signal, and 95% CI (X-axes) at the distal CGIs associated with 





Supplemental Figure B-9a. Median RNA-seq signal (RPKM) (X-axes; log transformed) in each 
of 10 equal bins of the segment region associated with MethExp (pink), MethNotExp (green) and 







Supplemental Figure B-9b. Median RNA-seq read coverage (X-axes; log transformed) in each 
of 10 equal bins of the segment region associated with MethExp (pink), MethNotExp (green) and 






Supplemental Figure B-9c. Median H3K36me3 ChIP-seq signal intensities (X-axes; log 
transformed) in each of 10 equal bins of the segment region associated with MethExp (pink), 





Supplemental Figure B-10. The evidence of transcriptional elongation based on PolII-Ser2 
signals (Y-axis) in the segment region associated with three gene groups, MethExp (pink), 
MethNotExp (green) and NotMethExp (blue) (X-axis). 
 
 
Supplemental Figure B-11. Four lines of evidence supporting the usage of distal CGI as 
alternative promoter by MethExp genes in contrast to MethNotExp genes in the human spleen 




(ii) genomic distance between distal CGI and gene (top-right), (iii) RNA-seq RPKM signal 
(bottom-left), and (iv) RNA-seq coverage (bottom-right) at the segment region corresponding to 
MethExp (yellow) vs. MethNotExp genes (red) computed using the GRCh38/hg38 genome 
annotation and "lifted-over" RNAseq and methylation data. 
 
 
Supplemental Figure B-12. (A) Histograms depicting the distribution of fractional methylation 
across all promoters in each of the 34 tissue types assessed. Each distribution is fit by a 3-
component Gaussian mixture model to distinguish subpopulations of lowly methylated (LMP; red), 
intermediate methylated (IMP; green) and highly methylated (HMP; blue) promoters. (B) Boxplot 






Supplemental Figure B-13.  Median fractional methylation levels (X-axis) and 95% CI at the 
distal CGIs associated with MethExp genes before (light gray) and after (dark gray) truncation of 
these loci to 1 kb across 34 tissue types (Y-axis). Significant differences are marked with an 



















































































































Supplementary Table B-1. A list of all highly expressed methylated promoter genes and their 

































Appendix C: Supplemental Material from Chapter 4 
 
Supplemental Figure C-1. AUROC with 5 fold cross-validation of pairwise SVM method. 
The figure depicts 3 distinct sets of kernel combinations input as features to the pairwise SVM 
method, and the resulting within and cross-species accuracies obtained. Analyses pertaining to 
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